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Abstract

The New European Bauhaus (NEB) framework provides a comprehensive set of Key Per-
formance Indicators (KPIs) to evaluate urban environments according to the principles
of sustainability, aesthetics and inclusion. Although the framework defines a structured
methodology for urban assessment, the computation of many indicators still relies on man-
ual procedures, limiting their scalability and applicability to large-scale analyses. This
thesis proposes an integrated framework for the automatic computation and contextual
interpretation of NEB indicators. Building upon a previous implementation, a fully auto-
mated Computer Vision pipeline is developed to compute the existing Beauty indicators
B.7 and B.11 directly from street-level imagery. By leveraging state-of-the-art founda-
tion models and object detection architectures, the proposed methodology replaces the
manual extraction of architectural features with an automatic workflow, significantly re-
ducing the effort required to evaluate these indicators. Furthermore, the thesis introduces
the implementation of the new NEB indicator [.3.7, combining visual information with
metadata and structured datasets within a unified computational pipeline. An important
contribution of this work is the use of the Context Dimension Tree (CDT), a hierarchi-
cal conceptual model designed to represent the possible contexts of a domain of interest,
and used here to organise NEB indicators according to contextual information. Through
the definition of the appropriate context dimensions and contextual relations, the CDT
provides a structured representation of urban context, enabling the integration of visual
information, metadata, GIS layers and additional urban datasets into a common analytical
framework. The proposed methodology demonstrates how automatic KPI computation
and context representation can be combined to support context-aware urban analysis. By
integrating heterogeneous sources of information and analyzing the possible contexts in
which the data should be considered, the framework provides a scalable foundation for the
interpretation of NEB indicators and represents a first step towards more comprehensive

decision-support systems for urban design and planning.

Keywords: New European Bauhaus, Urban Context, Context Dimension Tree, Com-

puter Vision, Key Performance Indicators, Urban Analysis
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Abstract in lingua italiana

Il framework del New European Bauhaus (NEB) definisce un insieme articolato di Key
Performance Indicators (KPI) per la valutazione degli ambienti urbani secondo i prin-
cipi di sostenibilita, bellezza e inclusione. Sebbene il framework fornisca una metodologia
strutturata per I’analisi urbana, il calcolo di numerosi indicatori richiede ancora procedure
manuali, limitandone la scalabilita e 'applicabilita a contesti di analisi estesi. Questa tesi
propone un framework integrato per il calcolo automatico e l'interpretazione contestuale
degli indicatori NEB. Basandosi su una precedente implementazione, viene sviluppata
una pipeline completamente automatizzata di Computer Vision per il calcolo degli indi-
catori Beauty B.7 e B.11 a partire da immagini acquisite a livello stradale. Sfruttando
foundation models e architetture di object detection di ultima generazione, la metodolo-
gia proposta sostituisce 'estrazione manuale delle caratteristiche architettoniche con un
processo completamente automatico, riducendo significativamente il lavoro necessario per
il calcolo degli indicatori. Inoltre, la tesi introduce I'implementazione del nuovo indica-
tore NEB 1.3.7, ottenuto attraverso informazioni visive, metadati e dataset strutturati.
Il principale contributo del lavoro consiste nell’applicazione del Context Dimension Tree
(CDT), un framework gerarchico progettato per rappresentare i vari contesti di un do-
minio di interesse e utilizzato in questo lavoro per organizzare gli indicatori NEB sulla base
delle informazioni contestuali. Attraverso la definizione di context dimensions e context
relations, il CDT fornisce una rappresentazione strutturata dei possibili contesti urbani,
consentendo l'integrazione di informazioni visive, metadati, layer GIS e ulteriori sorgenti
informative all’interno di un unico modello analitico. La metodologia proposta dimostra
come il calcolo automatico dei KPI e la rappresentazione del contesto possano essere
combinati per supportare analisi urbane context-aware. Integrando sorgenti informative
eterogenee e analizzando i possibili contesti nei quali i dati devono essere interpretati,
il framework costituisce una base scalabile per l'interpretazione degli indicatori del New
European Bauhaus e rappresenta un primo passo verso futuri sistemi di supporto alle

decisioni per la progettazione e la pianificazione urbana.

Parole chiave: New European Bauhaus, Context Dimension Tree, Computer Vision,
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]_ Introduction

With the advent of the digital world in the last few decades, terms like big data and ma-
chine learning have become increasingly relevant to every knowledge field, from healthcare
to entertainment. In this context, urban and architectural studies make no exceptions, and
the importance of interdisciplinary approaches to these branches of knowledge has become
more important to grasp the complexity of the world we live in. [1] The ability to access
and analyse different datasets and files strengthens the possibility to connect traditional
activities in the architectural field, such as buildings’ design and environmental analysis,
to other related disciplines, such as politics and human rights studies. Moreover, the
increasing availability of digital information has profoundly transformed the way urban
environments can be observed and interpreted: cities continuously generate large amounts
of heterogeneous data, ranging from geospatial information and environmental measure-
ments to photographs, videos, and information produced by public administrations [2, 3|.
Each of these sources provides a different perspective on the urban context; therefore,
none of them can be considered as sufficient on its own to fully describe the complexity
of a city [3]. Nevertheless, despite the growing availability of heterogeneous urban data,
the aesthetic quality of the built environment remains difficult to formalise. As Le Cor-
busier famously described the house as "une machine a habiter"; building upon this idea,
this thesis investigates whether at least part of architectural quality can be represented

through objective, computable indicators while preserving its contextual dimension.

Addressing this challenge requires more than simply collecting data, but rather concerns
the possibility of integrating different datasets and establishing meaningful relationships
among them: only through this process, moving from isolated pieces of information to-
wards a broader and more comprehensive understanding of urban phenomena becomes
possible [4, 5]. In other words, data acquires its real value when it is analysed together
with other datasets, containing additional and enriching sources of knowledge, and further
interpreted within a coherent framework, thus supporting a deeper understanding of the

context under examination [5].

A fitting example of projects leveraging heterogeneous data to implement a complex
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framework supporting spatial and urban analysis is given by Forensic Architecture, a
research agency based at Goldsmith, at the University of London: its interdisciplinary
team is mainly composed of architects and software developers, and the aim is to analyse
multimedia datasets and spatial data to reconstruct incidents of state of violence and
human rights violations. Their work demonstrates how heterogeneous data sources can
be extracted and correlated to extract important information to interpret complex urban
scenarios [6]. In the agency’s website’s methodology section, for example, many exploited
techniques are listed: among them, we can find data mining, software development, ma-
chine learning, geolocation data analysis, et cetera. In Figure 1.1 we can see the preview
of one of the most important projects of the British team: A cartography of genocide:
Israel’s conduct in Gaza since 2023 |7]. The image shows how the project developed
an interactive geospatial platform that combines satellite imagery, maps and multiple
datasets to document and visualise the spatial distribution of military attacks, damaged

infrastructure and evacuation orders across the Gaza Strip.
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I.109 A CARTOGRAPHY OF GENOCIDE: ISRAEL'S CONDUCT IN GAZA SINCE OCTOBER 2023

Updated 08 Oct 2025

|

DATE OF INCIDENT LOCATION FORUMS

7 Oct 2023 - Ongoing Gaza, Occupied Palestinian Legal Process, Web Platform
Territories

COMMISSIONED BY Since October 2023, we have closely monitored Israel’s military campaign

Self-Initiated in Gaza and the resulting extensive civilian harm. Comprehensive
cartographic analysis, published as a web platform and in-depth report,
reveals patterns of violence which indicate a systematic and organised
campaign to destroy life, conditions necessary for life, and life-
sustaining infrastructure.

Figure 1.1: Preview of A cartography of genocide article.

On the other hand, it is not always clear how to correlate diverse and, in most cases,
unstructured data to analyse these scenarios, since their complexity implies that the bare
dataset needs to be contextualised to provide insightful and more structured information.
In other words, a piece of data may be enriched with further information coming from
different sources, or it may be possible to build a semantic model to better understand
and fit that information inside a specific analysis [3]. For example, if we have a dataset
which contains the bus stops with their relative coordinates, we could integrate this in-
formation with another dataset that also contains the timetable for each stop, eventually
enhancing the knowledge supporting a potential analysis. For this reason, it is essential to
understand the possibilities to analyse different datasets and contextualise them in order
to extract qualitative information, which may be realistically used to support urban and

architectural studies. Furthermore, extracting information from provided datasets and
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linking them to support analytical processes is not sufficient: performance indicators and
further information must be contextualised according to a specific scenario, which support
a shared and well-understood objective [8]. This means that in architecture and urban
studies (as it is in other studies), it is not sufficient to aim at measuring and computing
performance indicators to their own ends, but they need to be interpreted following a
specific framework or guideline (in this thesis, for example, we will exploit framework and
models such as the NEB [9], the CrAFt [10] and the Context Dimension Tree [11]), which
has its own objectives and keys of interpretation. If this part is neglected, the outputs

may lose their meaning, and they could lead to no conclusion and no actual use [12].

In this context, this thesis aims at applying indicators taken from the New European
Bauhaus (NEB) initiative, which promotes solutions that are not only sustainable but
also inclusive and beautiful, while respecting the diversity of places, traditions, and cul-
tures in Europe and beyond [13|. These indicators or KPIs are computed exploiting
heterogeneous datasets, containing structured, semi-structured, and unstructured data,
that, if properly processed, can deliver insightful information which can support urban
analysis and design. Leveraging specific tools, such as semantic interpreters, libraries
supporting machine learning and other Python-based systems, those indicators will be
implemented and will finally contribute to the creation of a framework that maps a con-
textual view, supporting specific urban analysis tasks. Every step of the project will be
supported by two pillar documents: the New European Bauhaus self-assessment tool[9]

and the CrAFt Impact Model [10].

The thesis’ overview in Figure 1.2 highlights the main steps and objectives of the thesis
and proposes a methodology that follows a progressive workflow, where each chapter

contributes to the development of the final framework.
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Starting from the research gaps discussed above, this thesis provides three main contri-
butions. First, it extends a previous multimedia pipeline by automating the computation
of the NEB Beauty indicators B.7 and B.11 through a Computer Vision workflow based
on SAM3 and YOLO, considerably reducing the manual effort required by the original
implementation. Second, it introduces the implementation of the new Inclusiveness indi-
cator [.3.7, combining image metadata with structured mobility datasets to automatically
assess the accessibility of public transportation. Finally, and most importantly, it adopts
the Context Dimension Tree (CDT) as a context-aware framework capable of organising
heterogeneous urban information and connecting automatically computed indicators with

contextual knowledge, supporting a richer interpretation of urban environments.

The thesis is articulated in 8 different chapters, which are organised by objectives and
follow the workflow of the given work. The following list describes the overall structure

and how every section contributes to the aim of this project:

e Chapter 2: State of the Art describes existing literature related to data-driven
urban analysis, the New European Bauhaus framework, and context representation.
The chapter also discusses the main research gaps addressed by this work, providing

the necessary background for the proposed methodology.

This chapter corresponds to the RESEARCH GAP and PREVIOUS THESIS phases
of Figure 1.2.

e Chapter 3: Theoretical Background presents the theoretical foundations of
the proposed framework. In particular, it introduces the Computer Vision models
adopted throughout the thesis and discusses graph-based approaches for context
representation, leading to the decision to adopt the Context Dimension Tree[11] to

represent the possible contexts.

This chapter corresponds to the THEORETICAL BACKGROUND phase of Figure
1.2.

e Chapter 4: Automatic Computation of Aesthetic Indicators describes the
methodology developed for the automatic computation of two existing NEB Beauty
indicators: B.7 and B.11. The chapter presents the complete Computer Vision
pipeline, from multimedia data preparation to the computation of the final KPIs,
showing how the original manual procedure has been automated through the inte-
gration of SAM3 and YOLO. The first section of this chapter is entirely dedicated
to multimedia data processing, which differentiate from structured data processing

in terms of workflow and techniques. This chapter corresponds to the Automated
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KPI Computation branch of the proposed framework.

This chapter corresponds to the AUTOMATIC COMPUTATION and IMPLE-
MENTED NEB INDICATORS phases of Figure 1.2.

e Chapter 5: The Accessibility to Public Transportation Indicator presents
the implementation of the new NEB indicator 1.3.7. The chapter describes the acqui-
sition of the required information, the proposed model and its validation, illustrating
how different data sources can be combined to compute a previously unavailable in-
dicator. This chapter corresponds to the Implementation of a New KPI branch of

the framework.

This chapter corresponds to the IMPLEMENTATION OF A NEW KPI, IMPLE-
MENTATION FROM SCRATCH and IMPLEMENTED NEB INDICATORS phases
of Figure 1.2.

e Chapter 6: The Context Dimension Tree in Urban Analysis introduces the
proposed Context Dimension Tree and describes its structure and implementation.
Starting from the indicators computed in the previous chapters, the framework
integrates additional contextual information in order to organise heterogeneous data

within a hierarchical representation, enabling context-aware analyses.

This chapter corresponds to the + CONTEXTUAL INFORMATION, CONTEXT
DIMENSION TREE and CONTEXT-AWARE URBAN ANALYSIS phases of Fig-

ure 1.2.

e Chapter 7: Future Developments discusses possible extensions of the proposed
framework. In particular, the chapter introduces the concept of an impact model
and presents future developments aimed at supporting the automatic integration of

user-provided datasets within the Context Dimension Tree.

e Chapter 8: Conclusions summarises the main contributions of the thesis and dis-
cusses future research directions, highlighting how the proposed methodology com-
bines automatic KPI computation and contextual information to support context-

aware urban analysis.

While the automatic computation of NEB indicators represents an important step towards
scalable urban analysis, the main contribution of this thesis lies in the adoption of the
Context Dimension Tree, which was never used in this setting and provides a unified

framework for joining the NEB indicators with heterogeneous contextual information.
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2 ‘ State of the Art

2.1. Technology-Driven Urban Design

In the recent decades, urban and architectural studies have been heavily influenced by
technology, but lately there has been a shift towards a different approach when it comes
to urban design. The increasing availability of environmental spatial data lead researchers
to reconsider how to interpret the architectural world, and the growing need to deal with
more complex and interconnected built environments is becoming increasingly incumbent.
From a technological point of view, in the last years, there has been a shift from traditional
urban design, which was based on Computer-Aided Design (CAD) to a more data-driven
approach: in particular, we can define “technology-driven urban design” as a design pro-
cess that combines designers’ creativity with digital computational techniques through
rule-based systems involving measurable constraints, parameters, and relations[14]. The
previous statement was generic and maybe a bit cliché, but in practice there have been
many changes to the techniques and approaches that are used to analyse and design the
urban environment, and they can be traced thanks to the numerous projects that have
taken place and have been financed by various institutions. The next chapter shows an
overview of some of these cases, clarifying how technology and data-driven urban design

is changing the traditional approach to urbanism and architecture.

2.2. Examples of Data-Driven Approaches in Urban
Design

Many modern and technologically advanced concepts can be applied to the built envi-
ronment: this section reports three different examples on how data-driven applications

support urban analysis and design.

e One of the most discussed approaches is how to integrate IoT systems to urban
design and analyses. This case is emblematic for understanding how data can be

important to improve the living conditions and ultimately building a better environ-
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ment for the inhabitants of urban contexts, since it adds an additional dimension to
urban design, which is automatic monitoring of the quantitative performance of the
cities’ functionality. In Barcelona, for example, which is notable for its high-density
population and consequently its high consumption of resources, a new system of
smart water networks has been implemented: it consists of a series of sensors which
detects leaks in the cities water pipelines. Another example of the application of
IoT systems to support urban design comes from Hangzhou, where an extensive
network of traffic cameras and street sensors are connected to an artificial ‘brain’
which leverages Al to solve congestion problems, resulting in CO-2 emissions drops

from private transportation, and improving public safety[15].

e Another relevant data-based technology is the digital twin, which found many ap-
plications in the urban environment. One representative example is financed by the
Municipality of Milan (Figure 2.1), which from 2025 it started developing a digital
twin of Milan, which is a digital reconstruction of the city, and it is represented
exploiting two different technologies, the point cloud and the 3d mesh. The digital
twin constantly updates itself, leveraging the data coming from its physical twin and
it is computed to prevent urban related problems and to optimise some efficiencies,

all of this is done automatically[16].

Figure 2.1: Milan’s digital twin.

e One additional example of data-driven techniques in the design of urban environ-
ments is the exploitation of datasets coming from Geographic information Systems

(GIS), which are integrated to computer vision systems to deliver high value rep-
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resentations of the cities. In this perspective, the European Space Agency (ESA)
implemented a complex network of space radars, which collects important data con-
cerning diverse dimension of the built environment. An interesting application of
this is the juxtaposition of different reconstructions of the city centre of Venice
through SAR interferometry: this technique maps the problematic areas which are

sinking more rapidly in the lagoon[17].

Although these approaches differ significantly in terms of objectives and technologies,
they all demonstrate a common trend: urban environments are increasingly interpreted
through heterogeneous digital datasets, whose integration has become a key challenge for

contemporary urban analysis.

2.3. The New European Bauhaus

In the last decade, European citizens have become increasingly aware of the threat caused
by climate change and environmental degradation, and this led to a complete revolution
in terms of perception of our life and of everyone’s impact on the health of our planet.
The European Green Deal is probably the most emblematic attempt to change Europe’s
growth strategy, and it aims at transforming the Union into a modern, resource-efficient
and competitive economy. Under this light, a new initiative has taken afoot, which seeks
to play a critical role in enabling the green transition of the European society, connecting
the European Green Deal to buildings, living spaces and experiences: the New European

Bauhaus (NEB)[9], which logo and poster are shown in Figure 2.2.

Buildings, from their construction to their usability, are major energy consumers and a
significant source of damaging emissions. Moreover, the urban context of the European
Union is the product of centuries of architectural progress and research, resulting in a
strong heritage which must be preserved and which imposes an elaborated culture in
the design of new buildings. Finally, the relation between new architectures and citizen
must be taken into consideration, since it sparks complex dynamics which impact on the
economic side of people’s lives. In this perspective, the NEB tries to assess the quality
and the impact of three pillars which are related to the built environment: Sustainability,

Beauty and Inclusiveness. In particular:

e Sustainability: the ability of buildings and urban environments to minimise their
environmental impact, reduce resource consumption and contribute to climate neu-

trality, while ensuring resilience against future environmental challenges. ;

e Beauty: the quality of spaces, architectures and experiences in terms of aesthetics,
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cultural value and emotional impact, promoting environments that are pleasant,

meaningful and capable of strengthening the relationship between people and places.

e Inclusiveness: the capacity of the built environment to be accessible, affordable
and welcoming for all citizens, fostering social cohesion, participation and equal

opportunities regardless of age, gender, economic condition or physical ability.

In order to translate these principles into measurable objectives, the European Com-
mission proposed a framework composed of indicators and Key Performance Indicators
(KPIs), aimed at evaluating the contribution of buildings and urban environments to the
goals of the New European Bauhaus. The framework covers a broad range of aspects,
spanning from environmental sustainability and resource efficiency to social accessibility,
quality of public spaces and architectural value, making the assessment process particu-
larly complex and dependent on information coming from different domains. As a con-
sequence, the computation of such indicators requires the integration of heterogeneous
sources of knowledge, capable of describing both the physical characteristics of the built

environment and the way citizens interact with it.

New
European
Bauhaus

Figure 2.2: The New European Bauhaus logo and promotional poster.

At the same time, the increasing availability of digital data has opened new possibilities
for urban analysis and decision-making processes. Geographic information systems, open
urban datasets, remote sensing technologies and multimedia repositories continuously

generate large amounts of information describing cities and buildings from different per-
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spectives, creating the conditions for the development of data-driven methodologies able
to support urban design and policy making. In this context, artificial intelligence and
computer vision techniques have progressively gained relevance, allowing researchers to
automatically extract meaningful information from urban data and to analyse phenomena

that would otherwise require extensive manual surveys.

The New European Bauhaus represents a particularly interesting application scenario for
these approaches, since many of its indicators involve dimensions that are inherently dif-
ficult to quantify and often require the combination of multiple sources of information.
For this reason, several research activities have focused on the development of methodolo-
gies capable of transforming heterogeneous urban data into quantitative measures aligned
with the NEB framework, with the objective of supporting both the monitoring of existing
urban realities and the design of future interventions, as shown in Figure 2.3. The follow-
ing sections present an overview of the main contributions available in the literature and
of the approaches that have been proposed to support the computation of NEB indica-
tors. Among the numerous KPIs proposed by the NEB framework, this thesis focuses on
three specific ones: the Beauty indicators B.7 and B.11 evaluate architectural qualities of
building facades, such as compositional order and chromatic harmony, making them par-
ticularly suitable for image-based analysis. In addition, the Inclusiveness indicator 1.3.7
measures the accessibility of public transportation, requiring the integration of spatial
and metadata-based information. These three indicators have been selected because they
allow the combination of multimedia analysis, structured data processing and contextual

information within a common computational framework.

Figure 2.3: Image taken from NEB official website.



14 2| State of the Art

2.4. Creating Actionable Future (CrAFt)

While the New European Bauhaus provides a conceptual framework capable of describing
what a sustainable, beautiful and inclusive urban environment should be, the practical
assessment of these dimensions remains a complex challenge. In particular, many of
the values promoted by the NEB are inherently multidimensional and often difficult to
quantify through traditional urban indicators. For this reason, several European research
initiatives have focused on the development of methodologies capable of translating these

principles into operational assessment frameworks.

One of the most relevant examples is represented by the CrAFt project (Creating Ac-
tionable Futures) [10], a Horizon Europe initiative aimed at supporting cities in their
transition towards climate neutrality while maintaining a strong alignment with the val-
ues promoted by the New European Bauhaus. Within the project, a specific framework
called the NEB Impact Model has been developed with the objective of supporting urban
administrations in the monitoring and evaluation of complex urban interventions. Rather
than being conceived as a rigid indicator system, the model is intended as a flexible
and context-sensitive tool, capable of integrating existing assessment methodologies and
adapting them to the specific characteristics of different urban realities. A key aspect of
the CrAFt approach is the adoption of a systemic perspective. The model assumes that
urban interventions rarely generate isolated effects; on the contrary, actions performed in
one domain often produce consequences across multiple dimensions of urban life. For this
reason, the framework is designed not only to assess direct impacts, but also to identify
co-benefits and interactions among different aspects of sustainability, inclusiveness and
beauty. Examples discussed within the project include building retrofitting interventions,
sustainable mobility transformations and renewable energy infrastructures, all of which
are analysed through networks of interconnected impacts rather than through isolated
indicators. The structure of the NEB Impact Model is organised around five main pil-
lars: governance, economic performance, socio-cultural performance, healthy living and
environmental performance. These pillars are further articulated into seventeen impact
categories and a set of suggested indicators, as shown in Figure 2.4, spanning from climate
neutrality and sustainable mobility to cultural sustainability, affordability, participation
and quality of public spaces. Such a structure reflects the intrinsic complexity of contem-
porary urban systems and highlights the necessity of combining heterogeneous sources of

information in order to obtain a meaningful representation of urban quality.
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Figure 2.4: The CrAFt framework.

The relevance of the CrAFt project for this thesis lies precisely in this attempt to oper-
ationalise the principles of the New European Bauhaus through measurable indicators.
In particular, the work presented in the following chapters contributes to this broader
research direction by investigating how multimedia data, computer vision techniques and
contextual information can support the computation of specific NEB indicators, reducing

the need for manual assessments and enabling scalable analyses of the built environment.

2.5. Multimedia Data Analysis: A Pipeline for the
New European Bauhaus KPIs

This thesis builds upon previous research that attempted to measure some of the Beauty-
related indicators proposed within the New European Bauhaus framework. The method-

ology was initially developed during a previous thesis project [18] and was subsequently
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consolidated in the discussion paper presented at SEBD 2026 [19]. Starting from a dataset
of images collected in the Lambrate district of Milan, the previous work developed a com-
putational pipeline capable of transforming visual architectural characteristics into mea-
surable quantities. Since the available information was limited to street-level photographs,
the analysis focused on the KPIs B.7, B.10 and B.11; these indicators were considered
the most suitable for an image-based interpretation of architectural quality and harmony.
The implemented pipeline (Figure 2.5) consisted of five main stages: data acquisition,
image cleaning, feature extraction, KPI computation and validation. A significant effort
was dedicated to the preparation of the dataset; images were geometrically corrected to
reduce perspective distortions and manually annotated through Roboflow in order to iden-
tify architectural elements such as windows, balconies, entrance doors, shops and street
art. Preliminary experiments with YOLO-based object detection were also conducted;
however, due to dataset limitations and scene complexity, the final workflow still relied
mainly on manual annotations. Starting from the extracted annotations, several visual
characteristics were computed: symmetry was used as an approximation of compositional
order; the ratio between openings and surface contributed to the evaluation of contrast;
dominant colours were extracted through clustering techniques; finally, geometric oper-
ations were employed to analyse the overall shape of the facade. These features were
then combined to approximate the selected NEB indicators, with KPI B.10 representing
a synthetic measure of the relationship between the building and its surrounding context.
Validation results showed that the methodology was capable of capturing measurable

differences between buildings belonging to different urban environments.

NEB KPI Image Computation of

; Perspective High-Order
Evalyation Correction Image Characteristics Testing
Data Segmentation and Validation
Asaulsition Image NEB Indicators
CuisHio Normalization Computation _ :
Preliminary Data Feature KPI Indicators Evaluation
Phase Cleaning Extraction Calculation Phase

Figure 2.5: The pipeline of the previous thesis.

Despite these encouraging results, the previous research still presented several limita-
tions: many operations required significant manual intervention, some indicators had to

be strongly simplified, and the notion of context remained largely based on visual com-
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parisons between facades. For this reason, the present thesis starts from the foundations
established by the previous work and extends them towards a broader and more context-
aware perspective; buildings are no longer analysed as isolated entities, but as components
of a wider urban structure where architectural elements, metadata and spatial relation-

ships contribute to the interpretation of the surrounding environment.

2.6. Research Gap and Aim of the Thesis

The New European Bauhaus provides a complex and detailed framework to analyse and
describe urban environments in a deterministic way, and on the other hand several re-
search challenges emerge, e.g.: how beauty can be measured in a systematic way, how
digital technologies can support urban analysis and indicator extraction, and how con-
textual information can be represented in a coherent framework capable of supporting
decision-making processes. In fact, the NEB fails to address various concerns related to
qualitative and subjective indicators — such as many of the KPIs belonging to the Beauty
dimension — and no conceptual framework capable of supporting the practical application
of its categories to the physical environment exist. In other words, the initiative offers a
robust structure for assessment and evaluation, but does not fully explain how such in-
dicators can be operationalised, measured and connected to real-world urban data. This
limitation becomes particularly evident when analysing urban environments through dig-
ital tools: while quantitative indicators can often be computed through existing datasets
and statistical methods, qualitative dimensions require the integration of heterogeneous
information sources, contextual interpretation and advanced computational techniques.

The aim of this thesis is to investigate these challenges and to propose a methodology
which combines computer vision, urban data analysis and contextual modelling, thus
creating a framework capable of supporting the evaluation of selected New European

Bauhaus indicators while preserving the complexity of urban environments.

2.6.1. How to Measure Beauty

As mentioned before, one of the aims of the thesis is to try and evaluate beauty indicators,
which are related to urban design and analysis. There has been much research in this field
which achieved important results and which leveraged innovative data-driven techniques
to try and formalise aesthetic indicators. A well-fitting example is given by researchers
from King’s College London, in collaboration with Nokia Bell Labs, who developed an
automatic tool named Facelift|20]. The system not only exploits deep learning techniques

to understand whether an urban context can be considered aesthetically pleasing, but
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is also capable of "beautifying" a given urban scene and identifying the characterising
elements of this beautified version, as described in Figure 2.6. The problem raised by
this kind of study is that machine learning and deep learning techniques are extremely
effective when it comes to classification tasks; however, their inner "black-box" nature
makes it difficult to understand which metrics the model actually used and which visual

elements contributed to the final judgement.
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Figure 2.6: The Facelift framework.

One of the most interesting aspects of this approach is that it makes it possible to analyse
entire cities at a scale which would be impossible through traditional manual surveys.
Moreover, the information extracted can support urban planners and designers in iden-
tifying areas that may require aesthetic improvements, while also understanding which
visual characteristics positively influence the perception of urban quality. This demon-
strates how multimedia data analysis and artificial intelligence can support urban design
not only from a functional point of view, but also from a aesthetic and perceptual per-

spective.

Despite these advancements, a fundamental issue remains unresolved: beauty is not solely
determined by measurable visual features. The architectural perception is influenced by
cultural, historical, and social factors, which are often difficult to encode into compu-
tational models. Consequently, current approaches can successfully identify correlations
between visual characteristics and aesthetic preferences; nevertheless, they still struggle
to provide a comprehensive explanation of why a specific urban environment is perceived
as beautiful. This limitation highlights one of the central research gaps addressed in this
thesis: the need to integrate quantitative visual indicators with a contextual information

capable of enriching their interpretation.
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2.6.2. How to Support Analysis

At this point, an emblematic question may arise: is it possible to standardise and trans-
late into "bits" the whole process of urban design from an aesthetic point of view? In
other words, is it possible to map and structure qualitative and aesthetic factors char-
acterising an architectural environment? This thesis starts from images of buildings and
urban environments and tries to compute a subset of the KPIs formalised within the New
European Bauhaus framework, thus supporting urban analysis through digital method-
ologies. Such an objective naturally leads to the adoption of computer-vision techniques,
which have recently become one of the most promising tools for extracting meaningful
information from visual data. Le Corbusier famously stated that “Une maison est une
machine & habiter”; such a statement reflects a rationalist vision of architecture, where
buildings can be understood through objective principles and functional relationships.
While contemporary urban environments are undoubtedly more complex than the mech-
anistic vision proposed by early modernism, the increasing availability of digital data and
computational tools suggests that at least part of the knowledge traditionally employed

by planners and designers can be formalised and analysed automatically.

Recent advances in computer vision have demonstrated that urban images contain a re-
markable amount of information which can be extracted through machine learning tech-
niques. Tasks such as object detection, semantic segmentation and scene understanding
make it possible to identify buildings, vegetation, transportation infrastructures, public
spaces and other urban elements directly from photographs or street-view imagery. Con-
sequently, images can be transformed into structured datasets which support quantitative
analysis. On the other hand, when aesthetics are involved, researchers are still debat-
ing whether taste can be fully formalised into a structured computational model. Recent
studies demonstrated that architectural stimuli elicit significantly more variable responses
than natural landscapes or human faces, which generally produce more consistent pref-
erence patterns. Furthermore, architectural judgement is deeply influenced by cultural
background, personal experiences and local traditions|21]. These findings suggest that it
may be difficult to identify a universal model capable of assigning an absolute aesthetic
value to a single building. However, they also suggest that beauty can be investigated from
a relational perspective: while the aesthetic quality of an isolated object may be difficult
to formalise, its coherence, harmony and consistency with the surrounding urban context
can be analysed through measurable indicators. Therefore, absolute indicators may be
insufficient to represent architectural beauty; conversely, contextual and relative indica-
tors may provide a more robust framework for aesthetic assessment. This consideration

introduces a second research gap: although computer vision techniques are increasingly
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capable of extracting information from urban environments, they often lack a mechanism
capable of contextualising such information. As a result, the extracted data remain iso-
lated observations, while urban analysis requires the ability to understand relationships,

dependencies and interactions among different elements of the city.

2.6.3. Context Representation in Urban Design

The complexity of urban environments does not emerge solely from the quantity of avail-
able information, but also from the intricate network of relationships among different
urban elements. Buildings, public spaces, mobility systems, environmental factors and
social dynamics continuously interact with each other; consequently, analysing a single
component without considering its context often leads to incomplete interpretations. For
this reason, context representation has progressively become a central topic within ur-
ban informatics, urban digital twins and context-aware computing. The fundamental
idea behind these approaches is that information should not be considered as isolated
data points, but rather as entities embedded within a broader semantic structure capable
of describing their relationships and meaning. Several authors proposed ontology-based
models, semantic networks and hierarchical representations to organise urban knowledge
and support decision-making processes. These frameworks make it possible to integrate
heterogeneous datasets while preserving their semantic relationships; thus facilitating data
exploration, analysis and interpretation. Nevertheless, many existing solutions focus pri-
marily on quantitative information and often struggle to integrate qualitative dimensions
such as perception, beauty and urban experience[22|. This limitation becomes particu-
larly relevant when considering the New European Bauhaus framework. The initiative
defines a rich set of interconnected indicators, but it does not provide a representation
model capable of describing how these indicators relate to one another, how they influence
the perception of urban quality, or how they should be connected to the underlying data

sources.

Consequently, a third research gap emerges: the necessity of developing a contextual
representation capable of connecting urban data, indicators and qualitative assessments
within a coherent structure. The hypothesis explored in this thesis is that a hierarchi-
cal context-based model can provide such support; allowing information extracted from
heterogeneous sources to be organised, contextualised and subsequently used to improve
the computation and interpretation of New European Bauhaus indicators. The Context
Dimension Tree (CDT) [11], described in the following chapters, was developed precisely
to address this challenge, and will be adopted in this work. By representing urban knowl-

edge through a hierarchical structure composed of interconnected contextual dimensions,
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it becomes possible to: enrich data interpretation, support indicator computation, and
establish meaningful relationships between quantitative measurements and qualitative ur-
ban characteristics. A structured representation of the research gaps mentioned above and

the proposed framework are reported in Figure 2.7
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Figure 2.7: Research gaps and aim of the thesis framework.
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3 ‘ Theoretical Background

The methodological framework adopted in this research is grounded in recent develop-
ments within the fields of computer vision and deep learning; in particular, the study
relies on techniques for image understanding that enable the automatic identification and
characterization of elements contained in urban environments. Over the last decade, the
increasing availability of large-scale visual datasets, together with the rapid evolution of
neural network architectures, has substantially transformed the way urban spaces can
be analysed; tasks that traditionally required extensive manual annotation and observa-
tion can now be performed through automated systems capable of extracting semantic

information directly from images.

Within this context, urban analysis has progressively incorporated computer-vision method-
ologies as a means of quantifying and describing the built environment; object detection
and image segmentation models, in particular, have become fundamental tools for identi-
fying the physical components that contribute to the visual and functional characteristics
of urban spaces. However, the extraction of information alone is not sufficient to fully de-
scribe the complexity of urban environments; the detected elements must also be organised
within a framework capable of representing the contextual relationships that characterize
a specific place. For this reason, alongside the computer vision methodologies adopted
for data extraction, this research also relies on a model for contextual representation
based on graph structures and on the Context Dimension Tree (CDT), which provides

the conceptual foundation for organising and interpreting urban information.

The following sections therefore provide an overview of the theoretical concepts and ar-
chitectures that constitute the basis of this work; first, the role of computer vision in
urban analysis is discussed, and then the Segment Anything Model (SAM) is introduced
as a segmentation framework for the extraction of urban elements, followed by the YOLO
architecture for object detection. Finally, the principles of context representation through
graph structures and the Context Dimension Tree are presented as the conceptual frame-

work used to organise and contextualise the extracted information.
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3.1. Computer Vision for Urban Analysis

Computer vision is a branch of artificial intelligence concerned with the automatic extrac-
tion of information from visual data; its objective is to transform images into structured
representations that can be interpreted, analysed and used to support decision-making
processes. Recent advances in deep learning have significantly expanded the capabilities
of computer vision systems; tasks that previously required handcrafted features and ex-
tensive manual intervention can now be performed through neural networks capable of
learning complex visual patterns directly from large image datasets. The growing avail-
ability of visual data sources has contributed to the widespread adoption of computer
vision techniques within urban studies: street-level imagery, satellite images, drones, and
surveillance systems continuously generate large quantities of information describing the
physical characteristics of cities. Such datasets provide an unprecedented opportunity to
observe urban environments at different spatial scales; however, their size makes tradi-
tional manual analysis increasingly impractical. Within this context, computer vision has
emerged as an effective tool for supporting urban analysis. Through techniques such as
image classification, object detection, semantic segmentation and instance segmentation,
it is possible to automatically identify buildings, roads, vegetation, vehicles, pedestrians
and many other components of the built environment. The extracted information can then
be employed to analyse urban morphology, monitor environmental conditions, evaluate

mobility patterns, assess public spaces and support planning activities.

Recent literature demonstrates how computer vision applications have progressively ex-
panded beyond the simple recognition of physical objects; visual data are increasingly
used to derive indicators related to urban vitality, walkability, environmental quality,
safety, public health and even human perception of urban spaces|23|. As a consequence,
computer vision is no longer limited to the description of urban form alone; rather, it
represents a bridge between the physical characteristics of the built environment and the
social, environmental and perceptual dimensions that define the quality of urban life. For
these reasons, computer vision constitutes a fundamental component of the methodology
adopted in this research; the information extracted from street-level imagery provides
the basis for the identification of urban elements and for the subsequent construction of

contextual representations aimed at supporting the evaluation of urban environments.
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3.2. SAM3: a Foundational Model for Image Seg-

mentation

The Segment Anything Model 3 (SAM3), introduced by Meta Al, represents one of the
most significant advances in image segmentation achieved in recent years; unlike conven-
tional segmentation models, which are generally trained to recognise a predefined set of
object categories, SAM3 was designed as a foundation model capable of producing seg-
mentation masks for a potentially unlimited variety of visual entities. This characteristic
distinguishes SAM3 from previous approaches; rather than focusing on category-specific
recognition, the model aims to identify and delineate any visually coherent object present
within an image[24]. From an architectural perspective, SAM3 consists of three principal

components: an image encoder, a prompt encoder, and a mask decoder.

1. The image encoder is responsible for generating a high-dimensional representation

of the visual content contained in the image;

2. The prompt encoder processes additional inputs, such as points, bounding boxes,

or masks, which provide guidance regarding the target object;

3. The mask decoder combines the information produced by the previous modules and

generates the final segmentation output.

Through this design, the model is able to achieve high levels of flexibility while maintaining
strong generalisation capabilities across different domains. The relevance of SAM3 for
urban analysis derives primarily from its ability to accurately delineate objects without
requiring extensive task-specific retraining; urban environments are characterised by a
high degree of visual complexity, since multiple categories of elements coexist within
the same scene and often exhibit substantial variability in terms of scale, shape, and
appearance. Under these conditions, traditional segmentation approaches may require
large quantities of labelled data in order to achieve satisfactory performance; SAM3, by
contrast, can leverage its pre-trained knowledge to identify and segment a wide range of

urban components with limited additional supervision.

Within the context of this research, SAM is employed as a tool for the identification and
segmentation of traditional urban elements (Figure 3.1): the generated masks provide
detailed spatial information regarding the location and extent of objects within the scene,
thereby enabling a more comprehensive representation of the urban environment. Fur-
thermore, segmentation outputs can be integrated with object detection results in order to

obtain complementary information; while object detectors primarily focus on recognising
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and localising specific categories, segmentation models provide a pixel-level description of

the visual content, allowing for a more detailed understanding of urban scenes.

Figure 3.1: Example of building segmentation in an urban landscape.

3.3. YOLO Architecture

Among the various object detection models developed in recent years, YOLO (You Only
Look Once) has become one of the most widely adopted solutions; its popularity derives
from the ability to combine detection accuracy and computational efficiency, making it
particularly suitable for applications involving the analysis of large quantities of images.
Since its first introduction, the architecture has undergone several revisions and improve-
ments; nevertheless, the fundamental idea behind the model has remained substantially
unchanged: object detection is treated as a single task, where the localisation and clas-
sification of objects are performed simultaneously through a single pass of the neural
network. This approach differs significantly from traditional two-stage detectors, such as
the R-CNN family of models; in those architectures, the detection process is divided into
separate phases, where candidate regions are first generated and subsequently classified.
While this strategy often produces highly accurate results, it also introduces additional
computational costs and longer inference times; YOLO addresses these limitations by
integrating the entire detection process into a unified architecture, allowing images to be

processed much more efficiently while maintaining competitive performance|25].

From a structural perspective, modern versions of YOLO are generally composed of three

main components, as shown in Figure 3.2
1. A backbone, responsible for extracting visual features from the input image;

2. A neck, which combines information at different scales and improves the detection

of objects characterised by different dimensions;

3. A detection head, which produces the final predictions in terms of object location,

confidence score and class.
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Figure 3.2: YOLO’s structure framework.

This multi-scale approach is particularly relevant in urban environments, where objects

may vary considerably in size, appearance and spatial distribution.

The adoption of YOLO within urban analysis has increased significantly over the last
years; the model has been employed to identify vehicles, pedestrians, street furniture,
traffic signs, vegetation and many other elements of the built environment. Such capa-
bility is particularly valuable when dealing with extensive street-level imagery datasets,
where manual annotation would be impractical; by automatically extracting semantic
information from urban scenes, object detection models make it possible to transform vi-
sual observations into structured data that can subsequently support urban analysis and

decision-making processes.

Within this research, YOLO is employed as the primary framework for the identification of
urban elements contained in street-level imagery; the detected objects constitute one of the
main sources of information used to characterise the observed environment and, together
with the segmentation results, contribute to the construction of a richer representation of

the urban context.

3.3.1. Cross-validation with YOLO

One of the main application of the YOLO library is cross-validation: the main idea is to
divide the dataset into a number of subsets, called folds and at each iteration, one fold is
used for validation while the remaining folds are used for training. The process is repeated
until each fold has been used as validation data exactly once. In this way, every sample

contributes both to the training and to the evaluation phases, reducing the risk that the
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model performance is excessively influenced by a particular partition of the dataset. The
final performance of the model is then obtained by averaging the results collected across
all the iterations; this provides a more reliable estimate of its generalization capability
and allows a more efficient use of the available data|26]. In the Figure 3.3, the process of

cross-validation is outlined.
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Figure 3.3: Cross validation process.

3.4. Context Representation through Graph Struc-

tures

The representation of context constitutes a fundamental problem in context-aware sys-
tems; before a system can adapt its behaviour to a specific situation, it must be provided
with a formal model capable of describing the relevant characteristics of the environ-
ment in which it operates. While the notion of context has been interpreted in different
ways across the literature, a common requirement concerns the ability to capture not
only individual pieces of information, but also the relationships that exist among them:;
context, in fact, is rarely defined by a single variable, and is more frequently the result
of the interaction among multiple dimensions describing users, objects, locations, activ-
ities, temporal conditions, and environmental characteristics. Within this perspective,
graph-based representations have emerged as particularly effective modelling tools; by
representing entities as nodes and semantic relationships as edges, graph structures make
it possible to capture both the individual components of a context and the dependencies

that connect them. Unlike flat representations, where contextual information is stored
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as independent attributes, graph models allow the explicit representation of hierarchical,
associative, and dependency relationships; consequently, they provide a richer and more

flexible description of complex environments.

The adoption of graph structures is especially relevant when dealing with dynamic and
heterogeneous domains, such as urban environments, where contextual information orig-
inates from multiple sources and evolves continuously over time. In such scenarios, the
contextual meaning of an observation often depends on additional information describ-
ing the surrounding situation; therefore, the representation model must be capable of
expressing different levels of abstraction while preserving semantic relationships among
contextual elements. Among the various graph-based approaches proposed in the litera-
ture, hierarchical models occupy a particularly important position; their objective is not
merely to store contextual information, but rather to organise it according to concep-
tual dimensions that reflect the structure of the observed domain. In this way, context
can be represented as the combination of multiple perspectives, each contributing to the
characterization of a specific situation. Such an approach enables the identification of
contextual configurations through the selection of values along different dimensions; the
resulting representation is both semantically meaningful and computationally manage-
able. The framework adopted in this work follows this line of research and relies on
a hierarchical graph representation known as the Context Dimension Tree (CDT), de-
fined in the next section: rather than describing context as an unstructured collection
of attributes, the CDT models it as a structured combination of dimensions, concepts,
and relationships. This representation provides the conceptual foundation upon which
context-aware reasoning can be performed; furthermore, it allows contextual information

to be explicitly connected to the analytical processes operating on the data.

3.5. The Context Dimension Tree

The Context Dimension Tree (CDT) was introduced as a conceptual model for repre-
senting context in a structured and semantically meaningful manner [11]. In this thesis,
its objective is not to represent the whole urban environment, but rather the different
contexts that may arise within it, by organising contextual information according to a
hierarchy of dimensions and concepts. More generally, the CDT aims to characterise the
situation of an entity — where an entity is defined as a person, place, or object that is
relevant to the interaction between a user and an application — in different application

contexts [11].

The CDT is used to describe complex situations through multiple contextual perspec-
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tives. Each perspective corresponds to a context dimension, and the combination of the
values assumed by the different dimensions defines the current context. Such contextual
information can then be exploited to refine a query or to support context-aware analysis

according to the specific application.

From a structural point of view, the CDT is a tree composed of four different types of

nodes:
¢ Root node: it is a star-shaped white node that represents the origin of the tree.

e Dimension node: it is a black circular node representing a context dimension,
i.e., one of the relevant perspectives through which the analysed situation can be
described.

e Concept node: each dimension node has one or more white circular children rep-
resenting the possible values that the dimension can assume. Concept nodes may
in turn contain additional (sub-)dimension nodes, thus generating a recursive hier-

archical structure.

e Attribute node: it is a leaf of the tree represented as a black square node. If
attached to a dimension node, the attribute acts as a shorthand when the number
of possible concepts is particularly large. If attached to a concept node, it represents

one of its possible values.

For example, in a given environment, a dimension describing the role of a person may
contain concepts such as farmer, oenologist, or driver; similarly, a temporal dimension
may contain concepts describing different operational phases, as shown in Figure 3.4.
Since concept nodes may introduce further sub-dimensions, the CDT is not limited to a
simple taxonomy but provides a representation in which contextual information can be

progressively refined according to the needs of the application [27].
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Figure 3.4: Example of Context Tree from the PerLa system |[28|, with two possible

contexts from this tree.

Within this framework, a context is defined as a conjunction of context elements, where
each context element is expressed in the form Dimension = Value. A specific context
therefore corresponds to a particular subtree of the CDT, obtained by selecting one con-
cept for each relevant dimension while preserving the hierarchical relationships encoded
in the model. Sibling concepts belonging to the same dimension are mutually exclusive,
whereas different dimensions cooperate to provide a complete description of the situation

under analysis.

One of the main advantages of the CDT lies in the explicit separation between symbolic
and numerical information. Numerical observations, typically obtained from sensors or
external data sources, can be translated into symbolic concepts through suitable inter-
pretation rules; for example, a measured temperature may be mapped to concepts such
as cold, mild, or warm. This allows contextual reasoning to operate at a semantic level
independently of the original numerical values, improving both human interpretability

and context-aware decision-making.

The CDT has been successfully employed in several context-aware systems because it pro-
vides a flexible mechanism for modelling heterogeneous environments while maintaining
a clear conceptual structure. In the context of this thesis, it represents the conceptual
foundation for modelling the different contexts associated with an urban environment
and for connecting environmental conditions, detected urban elements, and higher-level

analytical representations within a unified framework.
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4: ‘ Automatic Computation of

Aesthetic Indicators

This chapter illustrates how the B.7 and B.11 KPIs of the New European Bauhaus can
be formalised and implemented in Python starting from an unstructured image dataset.
The input dataset consists of street-level photographs of building facades, which are pro-
cessed through a Computer Vision pipeline to automatically compute the numerical values
associated with the two indicators, according to the definitions provided in the NEB self-
assessment tool. The formalisation of the indicators is inherited from the previous thesis;
the contribution of this work lies in the automation of the entire computational pipeline,
enabling the automatic extraction of the required information from raw images. The
following sections describe each stage of the proposed pipeline, from dataset preparation

and facade extraction to the computation of the final indicator values.

4.1. Dataset Preparation

The starting point for the implementation of this part of the project was a dataset of
buildings’ photographs which were taken from the streets, but the bare images themselves
cannot be considered ready to be analysed for the calculation of parameters inside the
functions, since they present many issues. In primis, photos taken from the street return
a modified prospect of the building’s facade and need to be warped in order to return
a perpendicular visual of the surface. Other adjustments can be applied to the picture
(for example, colour saturation or shadow detection), but for the aim of the thesis, these

preparations are irrelevant.

4.1.1. The dataset

As in [18], the dataset is composed of photos taken from the Lambrate neighbourhood in
Milan Figure 4.1. The reason why this dataset was kept is that all the buildings’ facades

are coherent with each other, so it is simpler to assess coherency indicators.
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Figure 4.1: Examples of images from the dataset.

Moreover, one important aspect of the set of images comes from the extension of the files,
which is HEIF: this particular iPhone extension bundles a series of metadata that can
be useful to address many concerns related to indicators’ computation. For example,
it contains important information about the position where the photo was taken, or
the direction of the phone when the photo was taken. Other information concerns, for
example, the light or the saturation of the image, which can be useful to correct chromatic
aspects, leading to a more precise computation of aesthetic indicators. The transition
from HEIF to JPG file might cause the loss of all this important metadata, and this is
the reason why during the implementation of this project it was necessary to be sure not

to lose all the important metadata while sharing the images with a different device.

4.1.2. Automation of the Process

Once the dataset had been collected in one of the project’s folders, the focus went on
the cleaning and normalisation of the numerous images. The photos, which were taken
from the streets, had a perspective from below, which made the facade appear to be
trapezoidal-shaped. In order to have a clear perspective on the elements that compose
the building, it was important to rectify the perspective of the facade to conserve the
physical parallelisation of the lines that composed the facade and to generate a frontal
elevation that was suitable for the analysis. In the previous project work, this process
was initially done manually, and a semi-automatic pipeline was later implemented, which
would take the original image as input and, after a manual rectification and cropping,
would return the processed image to the user. The aim of this project instead is to

automate the whole process, so that the system would return a normalised image, which
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would later be processed and analysed to compute the various indicators. In order to do
so, the implementation must be able to both recognise the shape of the building by itself
and to normalise it inside a rectangle, which would not alter the relative dimensions of
the facade.

4.1.3. SAMS3 for Facade Rectification

In order to automatically identify the shape of the building facade, a segmentation model
was required. Traditional object detection models are able to recognise the presence of an
object and return a bounding box around it, but this level of precision is not sufficient for
the purpose of rectification. In fact, to correctly normalise the prospect of the building, it
is necessary to know the exact contour of the facade and not only its approximate position
inside the image. For this reason, the Segment Anything Model 3 (SAM3) [24] was
adopted. SAM3 is a foundation model developed for image segmentation tasks, and it is
able to generate masks for objects contained in an image. Unlike traditional segmentation
models, which are usually trained to recognise a limited number of predefined classes,
SAMS3 is designed to segment generic objects and can therefore be applied to a wide variety
of scenarios without requiring additional training. Given an input image, the model
analyses the visual content and generates one or more masks representing the objects
detected in the scene. Each mask corresponds to a set of pixels which are considered to
belong to the same object; the result is therefore a much more precise representation of
the object compared to a simple bounding box. Once the aim of the implemented process
is explained, this section describes the main steps of the pipeline for the rectangularisation

of the input image.

1. The automatic rectangularisation process starts by preparing SAM3 files to detect

the building inside the original image.

2. The model generates one or more segmentation masks, among which the largest one

is selected, assuming that it corresponds to the main facade.

3. The mask is then refined by filling possible holes and by applying morphological

operations, so that a cleaner and more continuous facade region can be obtained.

4. Once the mask has been extracted, its external contour is analysed in order to
estimate the four main corners of the facade. Instead of simply using the bounding
box of the detected object, the algorithm fits lines along the left, right and upper
borders of the mask: The intersections between these lines are used to identify the
upper vertices, while the lower vertices are estimated using the lower limit of the

contour. In this way, the trapezoidal shape caused by the perspective distortion can
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be approximated more accurately.

5. The four detected points are then ordered and used as the source points for a
perspective transformation. A destination rectangle is created by computing the
maximum width and height of the detected facade, so that the resulting image

preserves the relative proportions of the original building.

6. Finally, a homographic transformation is applied to warp the original image into

the rectangular destination plane.

The output of this process is a rectified image, together with the corresponding rectified
mask, which can be used in the following stages of the pipeline. A detailed pipeline

framework is described in Figure 4.2.

Largest mask selection ‘e Mask refinement
| Before refinement After refinement
-
Original image. SAM3 is prompted with Among the predicted masks, the largest one [ The mask is refined by filling holes and applying
L “building facade” to detect the facade. ) L is selected as the main facade. J | morphological operations to obtain a clean region. )
ro Corner detection e Perspective transform setup e Homographic transformation
‘ s W iy i B 1 ;
5 R jos : |

©,0 W-1,0)

The four detected points are ordered and used as source points
(left). The destination rectangle is defined using the maximum
width (W) and height (H) of the detected facade to preserve
proportions (right).

The outer contour is analyzed and lines are fitted along
the left, right and top borders. Their intersections define
the top corners, while the bottom corners are estimated

using the lower limit of the contour.

A homographic transformation is applied to warp
the original image onto the destination rectangle,
obtaining the rectangularized facade.

J

Figure 4.2: Facade rectangularisation pipeline.

4.1.4. Manual vs Automated Dataset Preparation

After developing this preliminary part of the implementation, a benchmark between the
semi-automatic and the automatic approach needs to be assessed. The automation of
the process brought many upgrades to the overall pipeline of the analysis of the picture,
preventing human biases from impacting the process. Moreover, it standardises the edge
selection of the building facade, leaving no interpretation to the user to what a facade is
or which elements to be considered for the analysis. On the other hand, some downsides
are clear for this kind of approach: for instance, there is an inefficiency based on the

selection of the main facade, since the warped image can comprehend small sections of
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other buildings, which can heavily impact the subsequent steps (this issue will be better
addressed later). In terms of time inefficiencies, the process showed no relevant issues,
since in the semi-automatic approach, a good amount of time was used to warp and crop
the image, while on the automatic approach, a similar amount of time, around half a
minute, was used to find the main facade, while the time to rectify the image can be
considered as irrelevant. Overall, the precision of the two approaches can be considered
comparable: maybe the human eye is more trained to recognise the edges of a facade,
but as it was mentioned before, the semi-automatic method may give the user some space
for interpretation and errors in pointing out the edges of a building can be made. Once
the techniques behind the rectangularisation of the buildings’ facades are understood, it
is time to delve into the main section of the chapter, which is also the most relevant in

terms of change of technique, compared to the previous work.

4.2. Architectural Elements Recognition

At the beginning of the original project, all the NEB indicators in the Beauty section
were taken into account but, as a result of a thorough analysis, only some of them were
considered computable with the data coming from the image of a facade. In order to nu-
merically estimate these, it was vital to extract the individual elements that composed the
facade and to categorise them for further analysis. This passage was initially carried out
manually, leveraging a programme called Roboflow [29], where it is possible to manually
draw rectangular bounding boxes around the elements; once the categorised bounding
boxes were selected, they were exported in a JSON format to Python, to later be used
with the integration of a parser .py function. This kind of application was time-consuming
from the programmer’s side, and it also prevented the overall system from being scalable:

this is the reason why, in this thesis, the process has been automated.

4.2.1. Automatic Recognition

The pipeline for the recognition of architectural elements inside an image is carried out
initially with the SAM3 library. The elements to return as a list of bounding boxes
were the same as the previous thesis: in particular, windows, balconies, shops, entrances,
French doors, and graffiti (or street-art in general). At the beginning, the code was
structured to have a single function to recognise each type of element of the facade, but,
even if this approach might be effective from an operational point of view, it soon turned
out to be very inefficient due to long waiting times and relevant computational overhead.

This problematic behaviour of the code was a result of the multiple segmentations that
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were initialised on the same image, which would cause an enormous delay for each run
of the code. Moreover, this approach turned out to be critically inefficient every time
it was necessary to debug the code. To solve this relevant issue, all the single functions
were merged into one, so that the pre-processing of the image would be carried out only
once for all the elements to find, leading to a more efficient use of the resources and to a
more scalable solution. Even if this strategy would save much time and resources, there
was still a bottleneck in the process of implementing the whole function: when it came
to debugging, the time to wait was still too long (around 1 and a half minutes for each

debug) and the preparation of variables coming from the SAMS3 library took much time.

To overcome the previous issue a new strategy was adopted: we implemented the exploita-
tion of the cache to avoid calculating the analysis of the same data for multiple times.
Basically, this technique consisted in using a Boolean parameter, which was passed to
the main function ‘get building elements’: if the parameter ‘cache’ was False, then the
operating system would recompute all the bounding boxes for the image path given to
the function and then save the results in the cache at the end of the process, whereas, if it
was True, the operating system would skip the SAM3 image processing and retrieve the
bounding boxes from the cache. It is important to underline that this Boolean parameter
is completely independent from the image path given as input, so it is important to set
it correctly; it might return bounding boxes belonging to different images from previous
runs on completely different images. So, if it is not a matter of debugging, the parameter

must always be set as False.

Another issue with this kind of technique was related to one of the parameters given to
the SAM3 semantic predictor: the confidence of the model. In fact, from the various
debugging sessions, it became clear that, based on the confidence set in the code, the
program would either ignore many trivial elements (high confidence), for example, many
windows with closed shutters were not recognised, or it would return wrong and redundant
bounding boxes. It is important to take into consideration that for this part of the thesis,
it is vital to be quite precise with element recognition, otherwise indicators like symmetry
would be completely biased. This is the reason why the decision fell on keeping a low
confidence value of 0.3 out of 1, with which every object is usually detected, but the
bounding boxes are redundant, so one single object can have multiple bounding boxes,
and some of them do not actually match their type, for example, a car window can be
recognised as a building window. It is clear at this point that if there is the necessity to
have certain standards of precision, that first result cannot be considered as sufficient, and
that a more refined way to categorise the bounding boxes must be implemented. SAM3

is a powerful tool to interpret the semantics of a single word, but it is not precise when it
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comes to integrating meaning and syntactic recognition of a whole sentence, so the bias
cannot be fixed by describing the architectural elements in a more specific way. The best
way to overcome the redundancies and the misinterpretations was to implement functions

that could force the final set of bounding boxes to be as accurate as possible.

e For instance, we implemented a function which can detect redundancies and recog-
nise multiple boxes insisting on the same element: the function groups the overlap
rectangles and keeps only the biggest one, so that the user will get the elements con-
taining all the parts. For example, one of the most redundant outputs was related
to windows: SAMS3 used to select both a bounding box for the bare glass part of the
window and one for the whole element, cornice included. The ’check for duplicates’

function would keep only the last one.

e Another important function was the ‘check no car windows’ one, which, as one can
realise from the name, checks the presence of windows belonging to vehicles and it
deletes them from the list of bounding boxes. To implement this function, it was
necessary to use the semantic interpreter provided by SAM3 to find out cars and

vans on the image.

e The same logic as the previous function was applied to the 'no windows on shops or
entrances’ function, which opts out all the windows belonging to the ground floor

display windows type, so basically all glass elements from shops and entrances.

e One more important issue needed to be solved: the semantic predictor struggled to
distinguish ‘normal” windows from French windows (glass doors on balconies), and
it also failed to recognize the real height of the window-door, thus another function
was implemented. It recognizes a French window based on the relative position
between a window and a balcony, adding a mandatory tolerance so that no false
negative is left out of the list. The bounding boxes’ height is also adjusted so that

the element is approximated to its real dimension.

e Finally, a function was implemented to try and distinguish shops from building
entrances when the semantic predictor recognizes an element as belonging to both
types. The algorithm aims at recognising which is the main entrance, starting from
the assumption that usually there is just one single entrance to each building, while

the other ground floor openings are usually commercial activities.

In the Figure 4.3 we can clearly see the difference, in terms of precision, between windows

detection with only SAM3 and adjusted windows detection with proper tailored functions.
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SAM3 window detection (pre-processing) Refined windows (post-processing)

Figure 4.3: Architectural element recognition refined.

To summarize, it is important to stress the fact that this automatic recognition pipeline
of architectural elements of a building does not stop on the raw bounding boxes provided
by the semantic predictor, but tries to process them in order to refine the precision of
the final output. This hybrid approach allows the system to exploit the flexibility of a
foundation model while maintaining a sufficient level of precision for the computation of

the aesthetic indicators presented in the following chapters.

4.2.2. Manual vs Automated Architectural Elements Recogni-
tion

Once the main operations of the automated pipeline are highlighted, it is important
to benchmark this approach with the one exploited on the previous project. In the
original thesis, the bounding boxes were retrieved manually, drawing the rectangular
bounding boxes around the various types of elements with the Roboflow program, to be
later interpreted by a proper parser designed in Python. This former method is surely
more accurate, since it is human supervised, so it is even possible to annotate elements
which are hidden in the photo which a human eye can recognise, but on the other hand, it
presents many limits to the overall pipeline of the project. For instance, the human effort
to draw the bounding boxes is very time-consuming, and this process prevents the whole
implementation from being scalable, since each image must be pre-processed every time
before delivering any tangible results. Moreover, to implement KPIs about architectural

coherence in an urban context, it is vital to have a large dataset, which can only be
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processed with an automated tool to be timely and efficient.

4.2.3. Pipeline Efficiency Issues

Theoretically, at this point of the project, the pipeline would appear to be, even with
some minor drawbacks related to both the rectangularisation of the and the recognition
of the elements, fully automated and perfectly scalable, but unfortunately, it presents a
grave issue, which is not easily solvable: this is about time efficiency. This first step of
the pipeline takes, on average, one and a half minutes for each building to be completed,
and if there is the need to study the indicators of a whole neighbourhood, this is not
sustainable. The bottleneck is due to the semantic prediction of SAM3, which, as I
mentioned before, despite providing a satisfactory level of accuracy and flexibility, requires
a significant number of computational resources. As a consequence, processing hundreds
or even thousands of facades would result in excessively long execution times, limiting the
practical applicability of the proposed approach. For this reason, a second phase of the
research was devoted to investigating whether the architectural elements automatically
detected by SAMS3 could be exploited to generate a labelled dataset suitable for training a
dedicated object detection model. The underlying idea was to use SAM3 as an automatic
annotation tool and subsequently train a YOLO model capable of recognising the same
architectural elements with a significantly lower computational cost. If successful, this
strategy would preserve most of the automation introduced in this thesis while drastically
reducing inference times, making the overall pipeline more suitable for large-scale urban

analyses.

4.3. YOLO for Cross-Validation

In the previous thesis, there has been an attempt to find the architectural elements on
the building through a particular time-efficient Python library, YOLO. The results were
not satisfactory, since the algorithm could not detect the bounding boxes efficiently, and
that was the reason why that method was put aside. On the other hand, YOLO [25] is
not just a library that, given the name of the element to find inside an image, is able
to return the corresponding bounding boxes, but it is also a powerful tool to train a
recognition model through machine learning. YOLO, which stands for You Only Look
Once, is one of the most widely adopted object detection frameworks in computer vision.
Its main advantage lies in the ability to perform object localization and classification
simultaneously through a single neural network; this makes the model particularly suitable

for applications where computational efficiency is required. Furthermore, YOLO can
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be trained on custom datasets, allowing the recognition of specific categories of objects
that are not included in the original training set. Different versions of the framework
have been developed over the years, progressively improving detection accuracy, inference
speed, and robustness to variations in scale, illumination, and perspective. Because of
these characteristics, YOLO has found applications in several domains, ranging from
autonomous driving and surveillance systems to urban analysis and remote sensing. In
the context of this thesis, its capability to learn custom visual features makes it a suitable

candidate for the recognition of architectural elements from images.

Due to the limited size of the proposed dataset, which contains only 99 images, the cross-
validation technique was performed in order to train a model that can predict the output
with sufficient confidence. While cross-validation defines the strategy adopted to maxi-
mize the use of the limited dataset available, the overall training process involves several
additional stages, ranging from the generation of the annotations to the final evaluation
of the detector. Before training the model, the images and the corresponding bounding
boxes obtained through the SAM3-based pipeline must be converted into the format re-
quired by YOLO and organized according to its dataset structure. The complete pipeline
adopted in this thesis, including data preparation, cross-validation, model training, and

performance evaluation, is summarized in Figure 4.4.

FACADE IMAGES BOUNDING BOXES YOLO DATASET ANNOTATION THREE-FOLD YOLO11n EVALUATION RESULTS &
(SAM3 + REFINEMENT) CREATION CONVERSION CROSS VALIDATION TRAINING METRICS

(YOLO FORMAT)

oog T R A it B B f '
+!@+@*;.;*©*>§<Z*L/ﬁ‘

Original dataset of Bounding boxes obtained Organization of images Ceasnization of buwndirg The dataset is split Model trained for 50 Performance Metrics computed
building facades with SAM3 and refined with and labels according boxes to YOLO format: into 3 folds. epochs (early stopping evaluated on the and averaged
(99 images). custom functions (remove to YOLO directory (x_center, y_center, At each iteration: based on validation validation fold. across the 3 folds:
duplicates, cars, shops, structure. width, height) 2 folds for training, performance). mAP, Precision, Recall,
entrances; detect normalized in [0,1]. 1 fold for validation. F1-Score, PR Curves,
window-doors). Confusion Matrix.

Figure 4.4: YOLO cross-validation pipeline.

4.3.1. Data Preparation

Before training the model, it was necessary to prepare the dataset according to the require-
ments of the YOLO framework. The available annotations had originally been produced
during the previous stages of the thesis and were therefore not directly compatible with
the format expected by the model. For this reason, a dedicated preprocessing function
was implemented. The first step consisted of associating each architectural element with a
numerical class identifier. Windows, entrances, balconies, shops, and graffiti were selected
as target categories, while French windows were intentionally excluded from the training

process and merged with the windows category during the annotation stage. The result-
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ing class structure was then used to generate the labels required by YOLO. Afterwards,
the coordinates of each bounding box were converted into the normalized representation
adopted by the framework. Instead of storing the coordinates of the corners of the rect-
angle, YOLO requires the coordinates of the center point together with the normalized
width and height of the object. Finally, for each image, a corresponding text file contain-
ing all the annotations was generated automatically. The images and labels were then
organized into the folder structure expected by YOLO, producing a dataset that could
be directly used for training. Although conceptually simple, this preparation phase re-
quired considerable attention, since even small inconsistencies in the annotations could

compromise the entire training process.

4.3.2. Implementation

A specific Python function was implemented to train the model on the dataset. At first,
it was important to test the function itself to understand if the machine learning process
would actually work, so the number of epochs, which is the number of times the model
iterates through the entire training dataset, was intentionally kept low. In particular, we
used only 10 epochs during the first experiments. Even with this limited configuration,
the training process required approximately one and a half hours to complete. This was
mainly due to the fact that the computation was executed on a personal computer without
a dedicated GPU; therefore, all the operations were performed on the CPU, significantly
increasing the training time. The implementation consisted of two main phases: dataset

preparation and model training:

1. First, the original dataset was reorganized according to the requirements of YOLO.
For each image, the corresponding annotation file containing the bounding boxes of
the architectural elements was generated and stored using the YOLO format. The el-
ements considered for the training process were windows, entrances, balconies, shops
and graffiti (n.b.: French windows were left out, since they were forced manually
with the code on the windows bounding box list). Afterwards, the cross-validation
procedure automatically divided the dataset into three folds, creating a different
training and validation set for each iteration. In this way, every image was used

both for training and validation during different stages of the process.

2. Once the dataset had been prepared, the training phase could start. A pre-trained
YOLO11n model was selected as the starting point; this choice was motivated by
its relatively small size and reduced computational requirements, which made it

suitable for the available hardware resources. For each fold, the model was trained
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independently using the corresponding training set and then evaluated on the vali-
dation set. The image resolution was fixed at 416 pixels and a batch size of 4 images
was adopted in order to limit memory consumption. Furthermore, an early stopping
mechanism was introduced so that the training could be interrupted automatically

if no improvements were observed for a certain number of epochs.

The objective of this first experiment was not to obtain the final model, but rather to
verify whether the available dataset contained enough information for the network to learn
meaningful visual patterns. If satisfactory results had been obtained, the same procedure
could then be repeated with a larger number of epochs and more computational resources,
allowing the model to further refine its capability to recognize architectural elements on

building facades.

For the second experiment, we used another hardware, with a dedicated GPU, to train the
model, and the number of epochs was set to 50 instead of 10. The terminating algorithm
was kept in order to stop the execution if no improvement was detected during the training
of the model. This time, with the new hardware, the process took far less than the first
time: in around 45 minutes the overall experiment was done, highlighting the benefits of

a GPU when it comes to a machine learning algorithm.

4.3.3. Results

The performance of the detector was evaluated through a three-fold cross-validation pro-
cedure. Two different training configurations were tested: an initial experiment consisting
of 10 epochs, aimed at verifying the feasibility of the training process, and a second con-
figuration with 50 epochs, intended to assess the actual capabilities of the model once a

sufficient convergence had been reached.

The preliminary experiments immediately highlighted the need for a longer training phase.
After only 10 epochs, the detector was capable of recognising mainly windows and bal-
conies, while entrances and shops were almost never detected correctly. This behaviour
can be observed both in the confusion matrices and in the Precision-Recall curves (Fig-
ure 4.5), where the Average Precision associated with these two classes remains close to
zero. Consequently, although the model was already capable of identifying the most vi-
sually distinctive facade elements, its overall performance was not sufficient for a reliable

deployment.
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Figure 4.5: Normalised confusion matrix and precision recall matrix with 10 epochs.

A significant improvement was observed after increasing the number of epochs. In all
folds, windows and balconies achieved the highest performance, with Average Precision
(Figure 4.6) values consistently exceeding those obtained in the preliminary experiments.
In particular, windows reached values close to 0.85 in the best-performing fold, while
balconies achieved values close to 0.80. Entrances also showed a substantial improvement,
reaching Average Precision values of approximately 0.40, whereas shops remained the most
challenging category despite a noticeable increase compared to the initial configuration.
The confusion matrices further confirm these observations. Most of the correctly classified
instances belong to windows and balconies, while a considerable number of entrances and

shops are still associated with the background class.
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Figure 4.6: Normalised confusion matrix and precision recall matrix with 50 epochs.

This behaviour is not entirely unexpected. On the one hand, windows and balconies
are among the most recurrent architectural elements in the dataset and usually exhibit
relatively stable visual characteristics. On the other hand, entrances and commercial
activities present a much higher variability in terms of dimensions, appearance and vis-

ibility within the image, making their identification intrinsically more difficult. Another
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important aspect concerns the composition of the dataset itself. The distribution of the
classes is highly unbalanced, with windows and balconies representing the majority of the
available annotations, while entrances and shops are significantly less represented. As a
consequence, part of the performance gap observed among the classes can be attributed

to the limited amount of training samples available for the less frequent categories.

It is also important to observe that the obtained results should not be interpreted ex-
clusively as an evaluation of the YOLO architecture. The training annotations were
generated through the automatic segmentation pipeline based on SAM3 and the subse-
quent filtering procedures described in the previous sections. Therefore, any inaccuracies
introduced during the annotation process inevitably propagate to the detector. This as-
pect is particularly evident for entrances and shops, which already represented the most
problematic categories during the segmentation stage. In this sense, the obtained perfor-
mance reflects not only the capabilities of the detector itself, but also the overall quality
of the automated annotation workflow proposed in this work. In Figure 4.7 we can assess
the cross validation results in terms of actual generation of bounding boxes on the image

of a building facade, which does not belong to the training set.
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Figure 4.7: Examples of bounding boxes processed by cross-validation.

Despite these limitations, the experiments demonstrate that the generated dataset con-
tains enough information to train a detector capable of reliably identifying the architec-
tural elements that are most relevant for the computation of the considered indicators.
The results suggest that the proposed pipeline may represent a viable alternative to exten-
sive manual annotation procedures, significantly reducing the human effort required while
maintaining satisfactory detection capabilities for the most representative facade compo-
nents. In terms of effectiveness, the best way to detect architectural elements of a building

facade through bounding box generation might be with a hybrid pipeline. Bounding boxes



4| Automatic Computation of Aesthetic Indicators 47

should be drawn manually to provide a precise dataset to the YOLO model: this way,
since the model works well with the cross validation techniques, as it was demonstrated
through the project, it can be trained to recognise architectural elements with a higher

accuracy.

4.4. Visual Richness Indicator

The Visual Richness indicator (B.7) is composed of 4 different parameters, which are
related to the shape of the facade, the symmetry of the facade, the composition of the
facade’s architectural elements, the presence of shops, and the presence of street art or

graffiti.

The latter aspects have been computed simply leveraging SAM3, and in the case of
the shops, they also have been processed according to the techniques described in the
previous chapter: the two indicators are equal to one if the system detected their presence,

otherwise they are equal to zero.

The parameter O, related to the overall order of the facade, is the component that un-
derwent the most substantial modifications with respect to the previous implementation.
In the original version of the project, the symmetry analysis was performed through a
collection of dedicated functions; each architectural element was analysed independently,
and different procedures were required to evaluate windows, balconies, window-doors,
and ground-floor elements. The underlying principle was based on the identification of
mirrored bounding boxes with respect to a symmetry axis computed directly from the
dataset annotations. Although this approach produced satisfactory results, it presented
a number of limitations: the code was highly dependent on the structure of the dataset,
and several portions of the logic were repeated across different functions. Furthermore,
every new architectural element required the development of an additional dedicated pro-
cedure, reducing the overall scalability of the framework. For this reason, the symmetry
assessment was redesigned in the current implementation. Rather than searching for cor-
responding pairs of bounding boxes individually, the detected elements are first organised
according to their spatial distribution on the facade; rows and columns are generated and
subsequently used to create a simplified representation of the architectural composition.
The analysis is therefore no longer focused on the individual object itself but on its posi-
tion within the overall structure. This allows the system to evaluate symmetry through a
more general framework which can be applied to different configurations without requir-
ing element-specific adaptations. At the same time, the information generated during this

process can also be reused by other indicators, reducing computational redundancy and
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improving the integration between different stages of the pipeline. A second contribution
to the parameter O is related to the geometrical regularity of the facade. In the previous
version of the project, this aspect was evaluated directly on the segmented prospect by
comparing the area of the contour with the area of its enclosing rectangle; the closer the
facade was to an ideal rectangular shape, the higher the resulting score. While effective,
this method was inevitably influenced by perspective distortions and by the quality of
the original image. Within the current framework, this limitation is partially addressed
through the rectangularisation process described in the previous chapter. Since the fa-
cade is first normalised and projected onto a frontal plane, the subsequent geometrical
evaluation is performed on a representation that is considerably more coherent with the
actual shape of the building. As a consequence, the indicator becomes less sensitive to
camera position and viewing angle; an aspect which is particularly relevant when dealing
with large collections of images acquired under heterogeneous conditions. In Figure 4.8

the symmetry implementation pipeline is represented.

1. Original fagade 2. Detected windows 3. Row (horizontal) generation

Row 4
(top floor)
Row 3
Windows are grouped
= into horizontal bands
(rows) using their vertical
o positions (top coordinate)
Windows belonging to
R — — the same floor (within the
tolerance) are placed in
Row 1 the same row.
Row 0
(ground floor
| excluded)
[ Detected windows ~— — — Symmetry axis — =~ Rows (tolerance = 100 px)
5. Spatial matrix (rows x columns) 6. Distance matrix (rows x columns) 7. Symmetry evaluation (vertical)
Column A Column B Column A Column B
1 1
Windows are grouped Row 4 1 1 Row 4
Sk IR s (220.640) | (220, 660 ©
(columns) using their
horizontal positions Row 3 1 1 Row 3 2 !
(Iet coordinate). (210,360 | (210, 360) # @
Windows aligned on B a0
the same vertical Row 2 1 1 Row 2
axis (within the (215, 115) | (215, 115)
tolerance) belong
to the same column. Row 1 1 1 Row 1 1 1
(205,115) | (205, 115)

Each cell contains:
1 = window present
(e - x_center, ym - y_center) |
B> L = horizontal and vertical distances For each row, symmetric columns are compared.
ek | ¢ i from the image center, If windows exist on both sides and the horizontal
— distances from the center are within the allowed

~ Columns (tolerance = 100 px) xm, ym = image center tolerance, the row is considered symmetric.

Pipeline overview

[J 1 = window present
(] 0= window absent

Detected architectural Rows | Columns Spatial . D - s - Legend
e | > | wa || el | | S || Sl || ST e
(Windows) organization) | organization) % u 2 i ym = image center (y)

Figure: Spatial organization of fagade elements used for symmetry assessment (including distance matrix).

Figure 4.8: Example of the symmetry implementation pipeline.

The parameter C, which describes the compositional characteristics of the facade, also
required several modifications. One component of this score is still represented by the

ratio between openings and opaque surfaces; this metric proved sufficiently robust in
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the previous implementation and therefore its underlying logic remained substantially
unchanged. The total area occupied by windows and window-doors is compared with
the overall area in order to estimate the degree of visual permeability of the building
envelope. This information is particularly useful because it provides a simple quantitative
description of the composition while requiring only the bounding boxes generated by the

detection pipeline.

More significant changes were instead introduced in the evaluation of the architectural
rhythm of the facade. In the previous implementation this contribution was approximated
through a relatively simple condition: the indicator only verified the presence of a sufficient
number of balconies and used this information as a proxy for the existence of horizontal
or vertical compositional patterns. Although computationally inexpensive, this solution
provided only a partial representation of the actual organisation of the and was unable to
capture more complex arrangements of architectural elements. The current version adopts
a broader perspective: rather than focusing on the presence of a single category of objects,
it analyses the overall distribution of openings and recurring architectural components.
By exploiting the same spatial organisation generated for the symmetry assessment, the
framework is able to identify regular alignments and recurring compositional schemes that
contribute to the perception of order within the facade. The resulting indicator therefore
captures a wider range of architectural configurations and provides a more representative

description of the compositional structure of the building.

It is also worth mentioning that not all the components of the original framework required
substantial revisions. The colour analysis employed within the B.11 indicator remained
largely unchanged; unlike the other functions, it already operated directly on image infor-
mation and therefore did not depend on the annotation structure adopted by the previous
dataset. For this reason, the dominant colour extraction procedure and the associated
colour-distance computation could be integrated into the new pipeline without significant
modifications. This aspect considerably simplified the migration process and ensured

consistency between the results obtained in the two versions of the framework.

4.5. The Aesthetic Perception Indicator

The implementation of the Aesthetic Perception indicator (B.11) indicator required con-
siderably fewer modifications compared to B.7. This KPI is based on two main aspects:
the geometrical regularity of the facade and its chromatic composition. Since both con-
tributions can be extracted directly from image information, the transition to the new

computer vision pipeline was relatively straightforward. Similarly to the B.7 indicator,
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the geometrical component now benefits from the rectangularisation process introduced
in the current framework. By evaluating the shape of a normalised prospect rather than
the original image, the influence of perspective distortions is reduced and the resulting
score becomes more robust across different acquisition conditions. The colour analysis,
on the other hand, remained substantially unchanged. The original implementation was
already fully compatible with the new workflow, as it directly operates on image pixels
rather than on manually annotated bounding boxes. The algorithm identifies the domi-
nant colours of the facade and evaluates their relative prevalence within the image; this
information is then used to estimate the visual coherence of the building from a chromatic
perspective. Consequently, the main evolution of the B.11 indicator concerns the integra-
tion of the normalisation stage, while the colour extraction procedure was preserved from

the previous version of the framework due to its effectiveness and generality.
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5 ‘ The 1.3.7 Indicator:
Accessibility to Public

Transportation

The third section of the New European Bauhaus is dedicated to the definition of inclu-
sivity in urban contexts and comprehends nine different indicators to evaluate it. Among
them, Indicator 1.3.7 focuses on the accessibility to public transportation, with the objec-
tive of assessing how easily citizens can reach and use the available transport network|9].
Accessibility plays a fundamental role in the concept of urban inclusivity, since it directly
influences the possibility for people to access services, workplaces, educational opportuni-
ties and social activities regardless of their location within the city. Within this thesis, the
computation of 1.3.7 represents a substantial change with respect to the KPIs presented
so far. While the input dataset is still composed of images of building facades, the focus
is no longer on their visual representation, but rather on the information that can be
derived from their metadata. The aim is to evaluate the accessibility of the building to
the public transportation network and to express this assessment through a single score

ranging from 0 to 100.

The inspiration for computing this indicator came from the NEB document, where specific
thresholds (Figure 5.1) are proposed to evaluate the quality of accessibility to public
transportation; however, since the study case of this thesis is Milan, it became clear that
these thresholds needed to be redesigned, as they proved excessively generous for a dense
metropolitan environment. More generally, such limits can be considered too rigid, since
they do not take into account the context of the urban analysis; it is evident that a
large metropolitan area cannot be evaluated through the same parameters adopted for
smaller urban or rural contexts. Consequently, the original NEB framework was taken
as a starting point rather than being adopted directly. The objective was to preserve
the rationale behind the indicator while adapting its computation to the characteristics
of the study area and to the information available within the proposed pipeline. The

resulting methodology aims to provide an accessibility score that is coherent with the
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urban structure of Milan and that can be automatically computed for every building

included in the dataset.

Metric: What is the level of pedestrian accessibility’ to public transport? (single selection allowed)

1. The average distance to public transport stops is more than 800 m.

2. The average distance to public transport stops is between 500 and 800 m.

3. The average distance to transport stops is between 300 and 500 m.

4.  The average distance to transport stops is less than 300 m.

Indicator score [1] [2] [3] [4]
0 50 70 100
Pedestrian accessibility to public transport evaluated according to Section 5.6.8.

1

Figure 5.1: Original KPI thresholds from the NEB.

5.1. Data Acquisition

As mentioned before, the computation of the accessibility indicator changes dramatically
compared to the previous ones, since the image alone can no longer be considered suf-
ficient. While the KPIs discussed so far relied almost entirely on information directly
observable in the facade, the evaluation of transportation accessibility requires knowledge
that extends beyond the visual content of the photograph itself. First of all, it is necessary
to extract information related to the context in which the photograph was taken; secondly,
this information must be integrated with another source of knowledge capable of describ-
ing how that specific building is contextualised within its surrounding environment. In
other words, metadata coming from the image must be extracted and analysed together
with structured information obtained from relational datasets. This process represents
a fundamental step of the methodology, since it enables the transition from the analysis
of an isolated building to the analysis of the urban system in which it is embedded. By
combining multimedia and structured data, it becomes possible to associate each building
with information regarding the transportation infrastructure available in its surroundings
and, consequently, to evaluate its level of accessibility. For this reason, before presenting
the actual computation of the KPI, it is necessary to describe how contextual information

is extracted and how heterogeneous data sources are integrated into a common framework.

5.1.1. Metadata from Images

The first step of the process consists in extracting the metadata associated with the image.
This operation introduces an important requirement concerning the type of files that can
be processed by the framework: the photographs must preserve their EXIF (Exchangeable
Image File Format) information. Modern smartphones and digital cameras automatically

generate these metadata during image acquisition and store additional information along-
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side the image itself EXIF metadata can contain a wide variety of information, ranging
from camera parameters and acquisition time to image orientation and geographical po-
sition; among these attributes, the most relevant for the purpose of this thesis are the
GPS coordinates associated with the image. When location services are enabled on the
device, latitude and longitude are embedded directly within the file and can therefore be
retrieved automatically. The implemented procedure analyses the EXIF structure of the
image and extracts the GPS tags containing the geographical coordinates. The availabil-
ity of this information is fundamental because it allows the image to be positioned within
the urban environment and, once the geographical coordinates have been retrieved, they
can be used to access additional relational datasets describing the surrounding context,

thus enabling the integration between multimedia and structured information sources.

5.1.2. Structured Datasets

Data was acquired from the official web portal of the Comune di Milano, called Dati.Milano
[30], which provides the user with a list of many datasets in various formats, such as .csv
or .json. In this list, there was much information that can support projects related to
urban design: in this case, collections of datasets about the underground transportation
and the surface transportation were particularly of interest. The choice fell on two specific
datasets: one of which collected all the relevant information about the metro stops [31]
and the other contained the list of trams and buses’ stops [32|. The first dataset was in
csv format, while the second one was in json format, so the integration with the rest of
the parameters of the code was quite simple, since they were both perfectly structured
datasets. The cleaning process was straightforward to do, since the tuples had all the
necessary information to locate them on the urban space and no more useless data for the
computation of the KPI. It was sufficient to rename the ids of the columns into a more
comprehensible ones, for example from “LONG X 4326” to “longitude” and for the surface
stops dataset to separate the traditional longitude and latitude format into two different

columns.

It is needless to say that this kind of cleaning is specific to the type of dataset provided
from the Comune di Milano website, thus the cleaning process was tailored to this specific
structure. It is implied that at this point the overall pipeline designed for the computation
of the 1.3.7 KPI is not completely automated for every context analysed: this step of
the process remains dataset-specific and it is not generalised. This is one of the main
drawbacks of the thesis and one of the possible upgrades it might have in the future, to

deliver a fully automated tool for every kind of different context.
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5.2. Accessibility Analysis

Once both the geographical coordinates extracted from the image and the transportation
datasets have been prepared, the accessibility indicator can be computed. The first opera-
tion consists in identifying the public transportation stops that are closest to the building
represented in the photograph. To achieve this, the coordinates of the building and the
coordinates of every transportation stop are converted into a metric reference system.
This conversion is necessary because geographical coordinates expressed as latitude and
longitude do not directly correspond to measurable distances; therefore, a transformation

into meters allows the computation of Euclidean distances between points.

The process is performed separately for metro stations and for surface transportation
stops. In both cases, every stop contained in the datasets is analysed and its distance
from the building is calculated. Since a single transportation line may have multiple stops
distributed across the city, only the closest stop for each line is kept. This choice avoids
overestimating accessibility in situations where several nearby stops belong to the same

transportation line and therefore do not provide additional connectivity opportunities.

After all distances have been evaluated, the stops are sorted according to their proximity
to the building. From this ordered list, only a limited number of elements is selected:
more specifically, the four closest surface transportation lines and the two closest metro
lines are taken into consideration for the final assessment. This selection reflects the
idea that accessibility should not be evaluated on the basis of every available stop in the
surrounding urban environment, but rather on the transportation opportunities that can
realistically be reached by a pedestrian, as it is highlighted by the inclusivity indicator
from the NEB.

The final KPI is computed by assigning a score to each selected transportation line ac-
cording to its distance from the analysed building. Distances are compared against a
set of thresholds specifically designed for the urban context under examination. De-
pending on the distance from the stop, the line receives a score equal to 100, 70, 50 or
0: these scores refer to the New European Bauhaus standards. Buildings located close
to several transportation lines, especially metro stations, obtain higher scores, whereas
buildings characterised by poor connectivity to the public transportation system receive
lower values. Moreover, different transportation modes do not contribute equally to the
final indicator: surface transportation lines are assigned a lower weight, while metro
lines receive a higher contribution. More specifically, each of the four selected surface
transportation lines contributes 10% to the final score, while each of the two selected

metro lines contributes 30%. As a consequence, the overall KPI can be interpreted as
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a weighted combination of six transportation opportunities, where rapid transit systems
have a stronger influence on the final evaluation than buses or trams. The KPI therefore
offers a quantitative measure for urban accessibility that can be directly integrated into

the broader framework of indicators developed throughout this thesis.

5.3. Parametrisation

Using the NEB’s specifics, the code would have assigned a score of 100 to a building
situated at a distance lower than 300 meters from the closest station or stop, a score
of 70 for a distance between 300 and 500 meters, one of 50 if it is between 500 and
800 meters, and 0 if it is more than 800 meters (Figure 5.2). Figure 5.3 shows the
representation of all the buildings’ addresses in Milan, arranged by their coordinates. The
different colours refer to the various levels of accessibility, where dark green represents an
excellent accessibility position, light green represents good accessibility, yellow represents

an acceptable accessibility and red represents low accessibility.

Figure 118. |.3.6 indicative performance classes and thresholds.
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Figure 5.2: Original KPI classes and thresholds from the NEB.
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Transportation Accessibility across Buildings in Milan
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Figure 5.3: Representation of Milan’s buildings’ accessibility with the NEB original
thresholds.

With these thresholds, due to the presence of a rich transportation network, all the
buildings located in central Milan would have the same high overall score while those
in the suburbs would have a lower score. Therefore, this kind of KPI might be a good
indicator to differentiate urban contexts from rural contexts, but not to assess the real
accessibility to public transportation from a building in a specific neighborhood. To
overcome this discrepancy, the parameters need to be related to the area where the analysis
is taking place, and this is the reason why a different adoption of the KPI computation
has taken place. The solution we implemented starts from a simple consideration: if the
transportation network is denser, then it should be more difficult for a building to obtain
a high accessibility score. On the contrary, if the transportation network is sparse, it
would be unfair to apply the same thresholds, since even relatively large distances might
still represent a good accessibility condition for that specific context. For this reason, the
first operation carried out by the function is to analyse the area surrounding the building.
Starting from the coordinates extracted from the image metadata, the algorithm defines
a square area extending one kilometre in every direction from the analysed point. This
operation is not performed directly on latitude and longitude coordinates, since these do
not correspond to real metric distances; instead, the coordinates are first converted into
metres and the boundaries of the area are computed only afterwards. Once the limits have

been found, they are converted back to geographical coordinates and used to interrogate
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the transportation datasets. At this point, the algorithm counts how many metro stations
and how many surface transportation stops are contained inside the selected area. The two
datasets are analysed separately because, as explained before, they have a different impact
on the final accessibility score. The result of this operation is not simply the total number
of stops, but rather an estimation of their density inside the analysed portion of the
city. The idea behind this choice is quite straightforward: if many stops are concentrated
in a limited area, then accessibility should be evaluated with stricter criteria. On the
other hand, if the transportation network is less dense, the limits should become more
permissive. In this way, the KPI is no longer evaluated through fixed thresholds, but
through parameters which depend on the urban environment surrounding the building.
Once the density of metro stations and surface transportation stops has been computed,
the algorithm derives a characteristic distance for each transportation category. This value
can be interpreted as an approximation of the average spacing between transportation
opportunities in that specific area of the city. The higher the density of stops, the lower
this characteristic distance becomes; this way the thresholds used to evaluate the KPI
become more demanding. Finally, three different limits are generated both for metro
stations and for surface transportation stops. These thresholds replace the fixed values
originally proposed by the NEB and are later used to assign the scores of 100, 70, 50
or 0 to each transportation line considered in the analysis. The final result is therefore
an adaptive parametrisation of the accessibility indicator; instead of evaluating every
building according to the same rigid rules, the KPI adjusts itself to the characteristics of

the urban context where the analysis is taking place.

5.4. The Model

Taking into account the aspects highlighted in the previous section and related to the
parametrisation of the thresholds, an overview of the model’s limits and validation criteria

is described in the subsequently two sub-sections of the thesis.

5.4.1. Limits

The solution described before, even if quite improved through the parametrisation of the
thresholds, presents an important drawback in terms of efficiency. When it comes to
selecting all the bus stops in the area, the calculator must take into account many stops
in the dataset, and even if there is margin for improvement, it will never be enough to
deliver a system that could compute the indicator for a long list of buildings. So, even if

the model is precise, as will be shown in the next chapter, the scalability of it presents
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some limitations in terms of time efficiency.

5.4.2. Validation

Before validating the model, a further optimisation was introduced to reduce the com-
putational cost of the algorithm. In the original implementation, the distance between
a building and every transportation stop contained in the datasets had to be computed
repeatedly, resulting in excessively long execution times when analysing the entire city.
To overcome this limitation, a spatial indexing structure based on the BallTree library
was adopted. This allowed the algorithm to retrieve only the stops located within a pre-
defined radius from the analysed building, significantly reducing the number of distance
calculations while preserving the original logic of the indicator. Once the optimisation was
introduced, the model was applied to all the buildings contained in the Milan dataset.
The resulting accessibility scores were then represented geographically, assigning each
building to one of four categories: low, acceptable, good or excellent accessibility. A qual-
itative validation of the results was performed through a comparison with a previous study
conducted at Politecnico di Milano based on the PTAL (Public Transport Accessibility
Level) methodology|33]. Although the two approaches are not directly comparable, since
PTAL incorporates additional information such as service frequency and walking times,
both models aim at describing the accessibility of urban areas to public transportation.
The comparison between Figure 5.4 and Figure 5.5 reveals a similar spatial distribution
of accessibility levels across the city: in both cases, the highest accessibility values are
concentrated in the central areas of Milan, where the transportation network is denser,
while lower accessibility levels are mainly associated with peripheral neighbourhoods. Fur-
thermore, both maps highlight several accessibility corridors corresponding to the main
transportation infrastructures and some voids in terms of low accessibility can be found in
both the representations. Even though the numerical values cannot be directly compared,
the consistency between the two spatial patterns provides a first qualitative validation of
the proposed model and suggests that the adaptive parametrisation introduced in this

work is capable of capturing meaningful characteristics of Milan’s transportation system.
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6 ‘ A Context-Aware
Representation to Support

Urban Analysis

In this chapter, we will delve into a broader framework which aims at connecting all the
various topics and methodologies contained both in the New European Bauhaus and in
the CrAFt documents, introduced in the State of the Art. The tool containing all this
information will finally create a contextual model which will further enrich the compre-
hension of the urban analysis and support the integration between the datasets and the
indicators. As noted in the Theoretical background Section, in this chapter the method of
the Context Dimension Tree will be adopted to create a tool which supports the analysis
and to improve the quality (especially the accuracy) of the queries to the specific datasets.
The necessity of introducing such a framework emerges from the heterogeneous nature
of the information involved in urban analysis. Data collected from different sources of-
ten describe the same urban reality from different perspectives and levels of abstraction;
consequently, establishing meaningful relationships among them becomes a fundamental
step to extract knowledge rather than simply accumulate information. In this context, a
structured representation of concepts and their connections can provide a common refer-
ence system capable of reducing ambiguities and facilitating the interpretation of complex
datasets. Moreover, the indicators analysed throughout this thesis are seldom indepen-
dent of one another: on the contrary, they are frequently connected through semantic
relationships that reflect the intrinsic complexity of the urban environment itself. Under-
standing these relationships is therefore essential not only to improve the quality of the
analysis, but also to ensure that different sources of information can contribute coherently
to the same evaluation process. For these reasons, particular attention will be devoted to
the definition of a hierarchical representation capable of organising concepts, attributes
and entities according to their meaning and role within the broader urban context. Such
an approach allows the analysis to move beyond the isolated observation of single vari-

ables and towards a more comprehensive interpretation of the information available. The
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following sections will therefore introduce the conceptual structures adopted in this work

and discuss their relevance within the overall methodological framework of the thesis.

6.1. The IMM Tree

Our first step is to build a framework that is coherent with the model provided by the
CrAFt document (see paragraph 6.4). To do this, we adopted the IMM hierarchical tree,
a conceptual model that provides a hierarchical structure with three different levels whose
first level maps the 5 main intervention domains called pillars: the three main bottom-
lines for sustainable development, which are planet, people and prosperity, complemented
by a pillar on quality of life and one on governance. After the first level, we find a
second level, which is composed of 17 impact categories referring to essential aspects of
integrated sustainable development. The last level lists a series of relevant indicators,
which have been identified based on a list of 46 indicators, intended as an indicative set
of primary KPIs that are already largely used by most cities. To map this structure
in python we used the networkz library, which provides the tools to build a graph-like
structure where nodes need to be created giving them a name, and they need to be later
connected with edges. In this particular case, it was sufficient to provide a hierarchical
structure, thus the only type of relation name of the edges is the hierarchy relation.
Once the graph was generated, a dedicated visualization function was implemented to
display the resulting hierarchy. The layout was automatically computed through a top-
down graph representation, allowing the different levels of the framework to be clearly
distinguished and providing an immediate visual interpretation of the relationships among
pillars, impact categories and indicators. Figure 6.1 shows a portion (or sub-tree) of the
IMM hierarchical tree: in particular, this section is just an example to overview how the

sections of the CrAFt framework have been mapped.
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Figure 6.1: Governance sub-tree of the IMM tree.

6.2. The NEB Tree

The second framework to be represented is the one proposed by the New FEuropean
Bauhaus initiative. Unlike the IMM structure, organised around intervention domains
and impact categories, the NEB framework is built upon the three core values that define
the initiative: Sustainability, Beauty and Inclusivity. These three dimensions constitute
the first level of the hierarchy and act as the conceptual pillars through which urban trans-
formation is evaluated. Each pillar is associated with a set of Key Performance Indicators
(KPIs), identified through the official NEB documentation and intended to capture the
different aspects of the three dimensions. As a result, the second level of the hierarchy is
composed of the individual KPIs, each uniquely identified through a dedicated code. A
KPI is then further decomposed into more specific sub-indicators or parameters, which
provide a more detailed representation of the information required for its assessment.
Consequently, the resulting structure is characterised by multiple levels of granularity,
allowing both high-level concepts and detailed operational variables to coexist within the
same framework. To implement this structure in python the networkz library was used,
which provides the tools to build a graph-like structure where nodes need to be created
giving them a name, and they need to be later connected with edges. Since some KPIs re-

quire a more detailed representation than others, the framework was designed to support
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different levels of hierarchy, allowing specific indicators to be further decomposed into
sub-indicators and operational parameters. This approach makes it possible to explicitly
represent which information is required to evaluate a given KPI and how such information
is related to the broader NEB dimensions. Finally, a visualization function was imple-
mented to inspect the generated graph and verify the consistency of the hierarchy. In
Figure 6.2 a portion of the NEB tree is represented: in particular, the reported sub-
tree represents a part of the NEB tree which will be subsequently exploited to present the
functionality of the Context Dimension Tree, and which contains the previously calculated

accessibility KPI, the 1.3.7 (see chapter 5).
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Figure 6.2: Sample from the NEB tree.

6.3. The Context Dimension Tree

In this section the application of the Context Dimension Tree (CDT) to this thesis is
presented, together with its main elements and functions. To implement the context
tree in Python, the NetworkX library was adopted. However, unlike the NEB and IMM
trees introduced previously, which were designed as immutable structures a part of which
is used here to work on, for each use case a CDT is produced as a conceptual model
of all the possible contexts related to that use case. That is the reason why the CDT

itself remains unchanged, but the visualisation changes according to the specific query: in
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other words, only the contextual view corresponding to the required context is generated
and represented, rather than the entire tree. This process is described in the following
sections. Each node stores two additional pieces of information besides its name: its shape
and colour. The theoretical background of the Context Dimension Tree has already been
introduced in Chapter 3; therefore, only the aspects relevant to its implementation are
discussed here: an example of the representation of the CDT developed in this thesis is

reported in Figure 6.6.
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Figure 6.3: Example of the implemented CDT

6.3.1. Content of the implemented Context Dimension Tree

Once the general structure of the CDT is explained, we will concentrate on the actual
content of our implemented tree. As described in literature, the first level after the root
(star) is made of dimension nodes: in particular, this specific tree contains three dimension

nodes, representing the different dimensions related to the urban analysis:

1. The first dimension is the data type dimension, which highlights the types of data
inside of the given dataset, which are needed to calculate the indicators to support

the analysis.

2. The second dimension is the analysis dimension, which is dedicated to the NEB

indicators.

3. The third dimension is the information dimension, which lists the information

related to the specific type of analysis.
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These three dimensions were selected because they describe the three complementary as-
pects required to perform a context-aware analysis: the available data, the indicators to
be evaluated and the information needed to compute them. Although all three dimen-
sions belong to the same static Context Dimension Tree, they are populated differently
according to their role within the framework. The data type dimension is defined during
the initialisation of the context tree itself: this means that the nodes, which compose it,
are statically initialized and cannot be changed in the following steps of the implemented
pipeline. As mentioned above, this first dimension describes the types of data which can
support the analysis and calculation of specific KPIs. The children of the dimension node
are three concept nodes and they represent the value the data type can assume, which
is structured data, semi-structured data and unstructured data. Additional nodes are at-
tached to the latter ones and their nature is sub-dimensional: they can assume different

values and in particular:
e Structured data can be of three different types: excel, sql, parquet.
e Semi-structured data can be: json, xml, yaml.
e Unstructured data can be: image, video, audio, pdf, text, zip.

The analysis dimension, on the other hand, is statically defined within the CDT, but
only the portion of the corresponding sub-tree that is relevant to the current query is
represented at runtime. This part will be explained in further details in the next sections.
Similarly, only the relevant portion of the information sub-tree is represented once the
information required by the current query has been identified. It is important to emphasise
that this dynamic visualisation does not alter the theoretical structure of the Context
Dimension Tree. The complete CDT still contains all the possible dimensions, concepts
and contextual views defined during the modelling phase. The proposed implementation
simply displays the subset of nodes that is relevant to the current query, providing a
clearer and more readable representation of the context without modifying the underlying

structure.

6.4. The Pipeline

In this section we present the overall pipeline of the creation of the context-aware view.
Note that, while in this project almost every step of the pipeline has been implemented,
there are still some technical limitations, such as the need for different types of data
integration, both structured and unstructured, that require specific techniques and creates

drawbacks from the implementation point of view. On the other hand, we have enough
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material to exemplify the automatic nature of the whole pipeline, delivering a qualitative

output which can be considered as an exemplary result.

The overall system is not completely automatic, since it must exchange data with a user:
she or he is an actor who wants to analyse the urban context in order to make some

decisions in terms of project feasibility or performance assessments.

The context selection extracts the ideal set of contextual information that would be
required to analyse a given urban issue or query, and is obtained by identifying all the
dimensions, concepts and indicators that are theoretically relevant to a specific context.
Moreover, in the final step of the implementation, only some nodes of the context selection
are highlighted (as shown in Figure 6.7), according to the actual availability of data, which

is both the one stored in the system and the one provided by the user.

The steps of the implemented pipeline are described below and they are structured in a

graphical pipeline, represented in Figure 6.4:

1. The first step is to give a specific input to the system: in particular, in this imple-
mentation’s case the user must input a sentence (or text query) to the system, which
describes the urban or architectural related intervention to be analysed through the
NEB’s directive.

2. Once the system has received the text query, it will elaborate it through the topics
given by the CrAFt document and contained in the IMM tree.

3. After the most related impacts have been discovered, the system will recover the
NEB’s KPIs which best describe the given context.

4. Now all the necessary information has been gathered and a context selection will
be created, returning to the user the main contextual dimensions: which indicators
from the NEB best describe the context, which information is necessary to evaluate

them and which types of data can actually deliver this kind of information.

5. At this point, if the contextual view needs to be additionally refined according to the
availability of further data not present in the database (for example, the coordinates
of a single point where the user wants the analysis to be carried out), these files

need to be input by the user.

6. Once all the necessary data has been collected, the filtered contextual view is avail-

able, which is tailored according to the actual availability of the information.

7. Finally the results are displayed in the context tree and they can also be used to

train a machine learning model.
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In Figure 6.4, the overall pipeline has been drawn.
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Figure 6.4: Pipeline for context-aware dataset creation.

To better understand the operation of the overall process, we give a concrete, detailed
example in the next paragraph. This example is related to the 1.3.7 KPI, presented in
the previous Chapter.

Let us consider the problem of the construction of a new tram line in an urban context:
the urbanist wants to know if the chosen path can be considered reasonable in terms of
accessibility enhancement. The engagement with the context-aware system will start when
the user inputs a sentence, for example, "New tram line to enhance public transportation".
The system will then retrieve all the data from the NEB tree and the IMM tree: in
particular, the sentence will be analyzed in terms of syntax and semantics, in order to
find out the related topic(s) of the CrAFt document. In our case, the related topics
are "Active and public transport" and "Diversity and accessibility of services" (in this
example, we take into consideration just the two most compatible ones). At this point
the system will retrieve the related NEB KPIs through a json file that acts as an interface
between the NEB and IMM trees, together with the information needed to assess them:
in this example, the ones related to public transportation. At this point the system
will retrieve the related data from the system’s database: this will contain structured,
semi-structured, or unstructured data, already tagged and ordered and thus ready to
deliver a first contextual view. In this case, the first contextual view will contain all the

transportation-related data and indicators.
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After the context selection is displayed, the user will feed additional data to the system,
data that will be used to compute the various indicators, which will be tailored ad hoc.
For example, if the user wants to assess the availability of a point of the new tram line, to
understand if the path is coherent with the enhancement of transport accessibility, she or
he will input the coordinates of the given point to the map: at this point the system will
return a filtered contextual view which will support the analysis of the "New tram line to
enhance public transportation" issue. The filtered contextual view can be subsequently
analysed, either directly by the urbanist or through machine-learning algorithms. In
the first case, the selected indicators provide an immediate overview of the accessibility
conditions related to the proposed intervention; in the second case, predictive models
can be employed to estimate future scenarios and identify possible criticalities. The
process finally returns a set of results from the data-analysis, consisting of indicators and
contextual information which support the evaluation of the validity of the new tram line

and its contribution to improving public transportation accessibility.

Figure 6.5 shows how the system would work with the given example.
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Figure 6.5: Example of the pipeline for context creation.

The following sections contain an overview on how specific aspects of the system’s pipeline
were implemented, from query input to the final filtered contextual view visualisation,

together with brief references on the technologies that were used.
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6.4.1. Elaboration of the Input

This section contains an overview on how the input sentence, given by the user, is elabo-
rated in order to identify the most relevant topics contained in the IMM tree. Since the
topics available in the CrAFt document are described through textual labels, the problem
can be interpreted as a text-matching task, where the objective is to determine which
impact categories are the most coherent with the intervention described by the user. To
achieve this goal, the system combines both syntactic and semantic analysis techniques.
The first one focuses on the similarity between the words contained in the sentence and the
words describing the IMM topics; the second one attempts to capture the actual meaning
of the sentence, even when different terms are used to express the same concept. The
final score assigned to each topic is obtained by combining the results of both analyses,
thus providing a more robust and reliable selection process. The implemented procedure

can be summarised in the following steps:

e Syntactic analysis. The sentence provided by the user and the labels of all the
leaf nodes contained in the IMM tree are transformed into a numerical represen-
tation through the TF-IDF (Term Frequency-Inverse Document Frequency) tech-
nique. This method assigns a weight to each term according to its relevance within
the available corpus. Once the vectors have been generated, the cosine similarity
is computed between the input sentence and every IMM topic. The resulting score
quantifies the lexical similarity between the two texts, rewarding the presence of

common words and expressions.

e Semantic analysis. A second evaluation is performed through a transformer-based
language model. In particular, both the input sentence and the IMM topics are con-
verted into semantic embeddings, namely numerical vectors capable of representing
the meaning of a text. The cosine similarity is then computed between the embed-
ding of the sentence and the embeddings of all the candidate topics. Unlike the
previous approach, this technique is capable of identifying conceptual similarities
even when different words are used. For example, terms such as public transporta-
tion, mobility services and urban transit can be recognised as semantically related

despite presenting limited lexical overlap.

The final ranking is obtained by combining the syntactic and semantic scores through a
weighted average, assigning a greater importance to the semantic component. The highest
ranked topics are subsequently selected and used to navigate the IMM tree, retrieve the
corresponding NEB indicators and generate the contextual view that will support the

following phases of the analysis.
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6.4.2. CDT Dimensions Selection

Once the topics from the IMM tree have been ranked, the correspondent KPIs from the
NEB tree must be found. The New European Bauhaus, as mentioned before, lists a series
of main indicators covering the three main pillars of the directive, but these indicators are
calculated from other sub-indicators. A singular KPI can be obtained from very diverse
sub-indicators, which could appear to have nothing in common between them; this is
the reason why the connection between the CrAFt document and the NEB method was
carried out through the low-level KPIs and not through the main, high-level ones.

A fitting example can better explain this concept: if we take the "Active and public
transportation" topic from the CrAFt, we find sustainability main indicators which deal
with it (e.g., the S.4 — Sustainable Mobility), but only some of the indicators that compose
it are related to public transportation (e.g.: S.4.1 is E-Mobility, which does not belong
to active or public transportation). Moreover, the connection between CrAFt topics and
NEB indicators cannot be made using semantic or syntactic similarities, since this kind
of operation of the overall pipeline is considered vital for delivering effective results. So,
this part of the implementation must be done manually. In particular, a json file must
be created: all the IMM-CrAFt topics must be written inside and connected to a list of
inherent sub-indicators from the New European Bauhaus. The information contained in
the json file are read by the context tree function, which generates the context selection

on that specific knowledge.

6.4.3. CDT Nodes Selection

As mentioned in the previous chapters, the implemented visualization of the context tree
differs from the one contained in the theoretical representation: this is due to return a
tidier and clearer version of the contextual view, since all the concept and dimension
nodes are too many to be reported as a whole. Once the sub-KPIs from the json file have
been retrieved, the system must interact with the NEB tree to collect all the information
needed to compute those specific indicators. Once given the name of the sub-indicator as
parameter, a function retrieves the sub-tree made of all the different pieces of information
to calculate it. The output of the function is then passed as parameters to a specific
function of the context tree which has a double functionality: it both adds the KPI and
the sub-KPI to the tree, under one of the analysis concepts (Sustainability, Beauty and
Inclusivity) and it also adds the related information to the Information node. The previous
sections of this chapter explained how the sub-trees of the CDT populate themselves, but

how does this translate into the actual functional implementation? In other words, how
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do the three main dimensions of the tree interact with each other? For instance, there is
a clear connection between the Analysis dimension and the Information dimension: this
is due to the design of the NEB tree, where the KPIs nodes are directly connected to
the information needed to calculate them. This makes it easy to assess which contextual
items contribute to the creation of the context through the KPIs, since it is sufficient to
iterate on the NEB tree to return the coupling between the dimensions. The challenging
part of this process is to understand which kinds of files can actually support the analysis
by delivering the needed information. This aspect was done manually in this project, for a
matter of simplicity and it was implemented for just a few specific cases. Theoretically, all
types of data can deliver a particular piece of information: for example, the coordinates
of a position can be extrapolated from a csv file, from an image (both as metadata or
from the representation of the image itself), from an audio, et cetera. In this project’s
implementation, it was decided to narrow down the range of options and to force the
recognition of the needed information only from a few types of data. This step of the
pipeline delivers a first contextual view given from the input issue, which answers three

different questions:

e Data type dimension: Which data types deliver the information to describe the

context?

e Analysis dimension: Which indicators from the NEB framework are fit to analyse

the context?

e Information dimension: Which information IS needed to compute the NEB indica-

tors?

Figure 6.6 represents an example of the contextual view given by the input issue "FEn-

hancement of public transportation services”:
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Figure 6.6: Example of Context Tree.

Once the context tree has been initialised as described above, it is time to highlight the
contextual nodes according to the data which is actually available to process. At this
point, a second input must be given by the user to the system, in particular two different
types of inputs are asked: one is the additional data which is not present in the system’s
DB and which is required to compute the KPIs and the other is the relative data, which
filters the contextual view. An example of the two inputs is made to better explain
the theoretical assumptions made above. If we consider the previously made example of
the "New tram line”, we might uncover a few scenarios where it is necessary to provide
additional information to the ones already present in the system’s database. The aim is
to assess if the chosen path of the tram can enhance accessibility to public transportation:
the 1.3.7 KPI and from the S.4.3 to the S.4.5 are the perfect indicators to analyse that.
Imagine we only have the information regarding the tram network inside the database,
which comprises the number of the lines and coordinates of the various stops. The user
is able to input two additional files: one of them is a csv file which contains the metro
network, with its lines and the coordinates of the stops (additional data) and the other
is a photo of the street where the municipality approved the passage of the tram (relative
data). This way, some KPIs can be computed, but they refer to only some information
(in this case they do not refer to the bus network) and some cannot be computed at all
(in this example it is impossible to calculate S.4.4, since no data about transportation
usage is available). Finally, the system returns a filtered contextual view, which is

represented in Figure 6.7.
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Figure 6.7: Example of Filtered Context Tree.

To summarise, the system is available to return a filtered contextual view, where the
context of the specific urban analysis is well highlighted through both the topic and the
available information in the form of datasets. So, to describe the context with the three
different questions, which mirror the three main dimensions of the context tree, we define

the context as follows:
e Which data types are present in the system?
e Which KPIs can be computed with the provided information?
e Which information was extracted from the input files?

Overall, the Context Dimension Tree represents a fitting tool to support the production of
the final outcome of the proposed framework. It integrates the information extracted from
the IMM and NEB trees into a context-aware representation that supports the analysis,

in this case, of urban issues, according to the available data.
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7 ‘ Future Developments

The work presented in this thesis demonstrates how heterogeneous urban data can be
analyzed through the integration of the New European Bauhaus framework, the CrAFt
Impact Model and the Context Dimension Tree (CDT) representation. Although the pro-
posed pipeline is capable of generating contextual views while supporting the selection
of indicators according to a specific urban issue, several components of the system still
present opportunities for further development. Some parts of the implementation were
intentionally simplified, in order to validate the overall methodology while focusing on
the construction of the contextual framework. In particular, the current version of the
system relies on manually defined relationships among impact categories, indicators and
information sources, and requires a preliminary organization of the available datasets be-
fore they can be effectively integrated into the contextual analysis. This Section provides

an overview of the possible evolutions of the framework.

7.1. The Impact Model

One of the possible future developments concerns the extension of the current implemen-
tation towards a dynamic representation of the CrAFt Impact Model. In the present
version of the framework, the IMM tree is mainly exploited as a hierarchical structure ca-
pable of connecting user issues to the corresponding impact categories and, consequently,
to the most relevant NEB indicators. However, the CrAFt document proposes a much
richer perspective, where urban interventions are not analyzed as isolated actions but
as elements of a network of interconnected impacts. In particular, the implementation
already includes a set of non-hierarchical relationships between impact categories, which

describe how a topic can influence another one through three different mechanisms:
e mproves, representing a positive impact;
e reduces, representing a negative impact;
e enables, representing a necessary condition for another effect to occur.

Currently, these relationships are presented inside the IMM graph structure but are not
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actively exploited during the analysis process. A possible evolution of this framework
would consist in transforming these connections into a simulation environment capable of
modelling the consequences of urban interventions. Instead of using the IMM solely as a
topic selection mechanism, the graph could be interpreted as a network of relationships
where the changes in one impact category propagate through the connected nodes. For
example, consider the issue Enhancement of public transportation services. After the most
relevant topics have been retrieved from the Impact Model, the system identifies Active
and public transport, Location and space use, and Improved accessibility of services as the
topics most strongly related to the user’s request. The selected topics do not represent
isolated concepts, though: according to the relationships defined inside the Impact Model,
they are connected to several other impact categories through improves, reduces and en-
ables relationships. As a consequence, the enhancement of public transportation services
can potentially generate effects on multiple dimensions of the urban environment. The

possible impacts are reported in Figure 7.1.
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Figure 7.1: Example of Impact Model graph.

The possibility to model these interactions would transform the framework from a con-
textual analysis tool into a decision-support system. Urban planners could simulate al-
ternative interventions and observe how variations in a specific indicator propagate across

different dimensions of the urban environment. Moreover, the same approach could be
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extended to the New European Bauhaus indicators. Once the relations between CrAFt
topics and NEB KPIs have been established, modifications applied to one indicator could
generate estimations on other related indicators, providing a more comprehensive un-
derstanding of the expected outcomes of an intervention. Such an extension would be
coherent with the original objectives of the CrAFt Impact Model, which was conceived as
a whole-system approach capable of highlighting co-benefits, trade-offs and interactions

between different dimensions of urban sustainability.

7.2. Automatic Integration of User-Provided Datasets

As described in the previous chapter, the creation of the first contextual view only depends
on the issue provided by the user. Once the most relevant CrAFt topics have been
identified and the corresponding NEB indicators have been retrieved, the Context Tree is
capable of highlighting which information is needed to assess the selected KPIs. However,
this first contextual view only represents a 'potential’ context: at this stage, the system
still does not know which information are actually available to perform the analysis. For
this reason, a second input is required from the user. In particular, the user must provide
the datasets that should be used to compute the indicators and support the analysis. In
the current implementation, this process is partially manual: each dataset was inspected
before and its content was explicitly connected to the corresponding information nodes
of the Context Tree. As a consequence, the system already knows which information can
be extracted from a specific file and how they contribute to the generation of the filtered

contextual view.

To better understand this limitation, we should consider again the transportation example
discussed throughout this chapter. Suppose that the user uploads a CSV file containing
the position of the metro stations of a city. In the current implementation, the system is
able to retrieve the coordinates contained in the file because this association has already
been manually defined during the development phase. However, if a different dataset
was provided, for example a CSV containing tram stops or a JSON file describing public
transportation routes, the same operation would require a new manual inspection of the
dataset before it could be integrated into the analysis. A possible future development of
the framework would therefore consist in automating this phase of the pipeline. Instead of
relying on manually defined associations, the system could analyse the uploaded datasets
and automatically identify the information contained within them. The process could be

summarised through three main steps:

1. identification of the structure of the dataset;
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2. extraction of the meaning of the available attributes;
3. integration of the extracted information into the Context Tree.

The first step would depend on the type of data provided by the user. Structured datasets
such as CSV, SQL or EXCEL files could be analysed through their schema and column
names; semi-structured formats such as JSON, XML and YAML files could be explored
through their hierarchical structure; unstructured data would instead require dedicated

extraction techniques depending on the media type.

Once the structure of the dataset has been analysed, the system should understand which
information is actually represented inside the file. For example, a column called longi-
tude, Ing or z-coordinate could be recognised as geographical information, while attributes
such as buildingheight, floors or elevation could be associated with urban morphology de-
scriptors. The same principle could be applied to transportation datasets, environmental

measurements or demographic information.

This idea is coherent with several works proposed in the literature: PerLa [28], for exam-
ple, introduces an intermediate abstraction layer capable of hiding the heterogeneity of
the underlying data sources and providing a common representation for data collection
and processing activities. In a similar way, the Information dimension of the Context Tree
could act as an abstraction layer between the available datasets and the indicators that

require this information.

A second relevant aspect concerns the semantic interpretation of the extracted data. Re-
cent works on semantic data preparation suggest enriching datasets with domain knowl-
edge before performing integration and analysis tasks. According to the S-PICACHU [34]
project, semantic information can support data integration, transformation and quality
management by explicitly representing the meaning of the available data rather than only
their syntactic structure. A similar concept can also be found in multimedia retrieval
systems such as SHIATSU [35] and Scenique [36]. In both cases, raw multimedia content
is associated with semantic concepts organised through hierarchical and multidimensional
structures, allowing the system to reason on meanings rather than on low-level features
alone. Although the application domain is completely different, the underlying princi-
ple remains the same: transforming heterogeneous data into semantic concepts that can

subsequently be exploited by higher-level processes.

In the context of this thesis, these concepts could be used to automatically populate the
Information dimension of the CDT. Once the required information has been identified in-

side the uploaded datasets, the corresponding nodes could be highlighted and connected
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to the contextual view. The resulting filtered context would therefore no longer depend on
manually predefined associations, but on the actual content of the data provided by the
user. This extension would considerably improve the flexibility of the framework. New
datasets could be integrated without requiring dedicated implementations, while the gen-
eration of the filtered contextual view would become a fully dynamic process. Ultimately,
the Context Dimension Tree would not only identify which information is needed to anal-
yse a specific urban issue, but it would also be capable of automatically understanding

which information is available and how it contributes to the selected indicators.
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8 ‘ Conclusions

This thesis started from a specific research problem: the New European Bauhaus provides
a rich and ambitious framework to evaluate urban environments, but many of its indicators
are still difficult to compute automatically and, above all, they often require a contextual
interpretation in order to become actually meaningful. In this perspective, the work
presented in this thesis tried to connect automatic data processing, indicator computation

and context representation within a single methodological framework.

The first contribution of the thesis concerns the automation of the computation of two
existing Beauty indicators, namely B.7 and B.11. Starting from a previous multimedia
pipeline, the work focused on replacing manual operations with automatic procedures
based on Computer Vision techniques. In particular, SAM3 was used to support facade
rectification and architectural element recognition, while YOLO was tested as a possible
strategy to improve the scalability of the detection process. Although some limitations
remain, especially in terms of computational efficiency and precision for less represented
architectural elements, the proposed pipeline shows that the extraction of visual informa-
tion from facade images can be significantly automated, reducing the amount of manual

work required to compute aesthetic indicators.

The second contribution is related to the implementation of the 1.3.7 indicator, which
evaluates accessibility to public transportation. Unlike the Beauty indicators, this KPI
required a different type of analysis: the image alone was no longer sufficient, since the
assessment depended on the position of the building and on the transportation network
around it. For this reason, metadata extracted from images were combined with struc-
tured mobility datasets, allowing the indicator to be computed automatically for buildings
located in Milan. Moreover, the original thresholds proposed by the NEB were adapted
to the specific characteristics of the Milanese context: this made it possible to obtain a
more meaningful evaluation of accessibility, avoiding an excessively generic interpretation

of the indicator.

The third and most important contribution of the thesis is the adoption of the Context

Dimension Tree as a conceptual and computational framework for context-aware urban
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analysis. The CDT made it possible to organise the information extracted from the
previous steps and to connect it with the NEB indicators, the CrAFt Impact Model
and the available datasets. The framework does not only compute indicators, but also
clarifies the gap between the analytical objective and the real data conditions supporting
the analysis. In particular, a context selection is generated according to a given query,
and a filtered contextual view will be subsequently displayed, which highlights not only
the contextual view of the given issue, but also what can be computed with the available
data.

Overall, the proposed methodology demonstrates that the computation of NEB indicators
can be progressively transformed from a set of isolated procedures into a broader context-
aware framework. The automatic computation of B.7, B.11 and 1.3.7 provides the first
operational layer of the system, while the CDT offers a structured representation capable
of organising the results and connecting them to heterogeneous contextual information.
This integration represents a first step towards a more flexible tool for urban analysis,
where indicators are not interpreted as independent numerical values, but as part of a

wider network of data, meanings and possible urban contexts.

At the same time, the work also highlights several limitations. Some parts of the pipeline
are still partially manual, especially the connection between CrAFt topics, NEB indicators
and required information; moreover, the integration of user-provided datasets still depends
on predefined assumptions about their structure and semantic content. These aspects
do not invalidate the proposed framework, but rather define its current boundaries: the
thesis demonstrates the feasibility of the approach and provides a clear direction for future
developments, especially regarding the automatic interpretation of heterogeneous datasets

and the dynamic exploitation of the relationships contained in the Impact Model.

In conclusion, this thesis shows how Computer Vision, urban data analysis and context
representation can cooperate to support the interpretation of New European Bauhaus
indicators. The final result is not only a set of implemented KPIs, but a framework that
tries to make their use more coherent with the complexity of the urban environment: data
are extracted, indicators are computed, and context is represented in order to support

more informed and context-aware urban analyses.
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